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ABSTRACT 
Many newly identified proteins remain poorly characterized; computational analysis is an efficient first step to infer 

structure and function from sequence data. To generate an integrated in silico profile of Cyclin-dependent kinase 4 

(CDK4) using sequence-derived features, secondary-structure prediction, contact-guided 3D modeling, domain 

architecture inference, and functional annotation. 

Sequence feature mapping and amino-acid composition were analyzed. Secondary structure was predicted with 

PSIPRED. Long-range contacts were predicted by DeepMetaPSICOV and used for DMPfold 3D modeling, with 

domain boundaries inferred by DomPred. Gene Ontology (GO) enrichment analysis summarizes associations with 

biological processes and molecular functions. CDK4 showed a mixed α/β secondary-structure profile with helical 

sections interspersed with β-strands & non-uniform residue composition with Z-score-based enrichment/depletion 

significance. The contact map exhibited clustered off-diagonal signals consistent with nonlocal packing, supporting 

a compact α/β DMPfold model & domain-organization landscapes. GO summaries linked CDK4 to diverse biological 

processes and to molecular functions dominated by binding & catalytic activities. The integrated workflow indicates 

that CDK4 is predominantly structured, adopts a mixed α/β architecture, exhibits contact-supported tertiary 

organization with putative domain segmentation, & displays binding- and catalysis-centered functional signatures, 

providing a basis for downstream experimental validation. 
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INTRODUCTION 

Cyclin-dependent kinase 4 (CDK4) is a serine/threonine 

protein kinase that forms an active complex with D-type 

cyclins and promotes cell-cycle progression through 

phosphorylation of retinoblastoma (RB) family proteins, 

thereby facilitating the G1/S transition [1,2,3]. In cancer 

biology, dysregulation of the cyclin D-CDK4/6 axis is 

recurrent, and CDK4/6 inhibition has become a major 

therapeutic strategy, with expanding clinical use and 

ongoing efforts to address mechanisms of resistance and 

optimize combination regimens. Recent mechanistic 

work also highlights distinct functional roles of CDK4 

relative to other CDKs across cell-cycle phases, 

reinforcing the importance of accurate structural and 

functional characterization [2,4,5,6,7]. 
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Despite the availability of experimental structures for 

many kinases, sequence-driven computational 

characterization remains valuable for (i) rapid annotation 

when experimental data are incomplete, (ii) integrating 

multiple predictive signals (secondary structure, 

contacts, domain boundaries), and (iii) generating 

testable hypotheses for downstream validation 

[8,9,10,11]. The recent transformation of protein 

structure prediction by deep learning, exemplified by 

AlphaFold2, has demonstrated that near-experimental 

accuracy can often be achieved using sequence and 

evolutionary information, accelerating biological 

discovery and the generation of structural hypotheses. 

Complementary frameworks such as RoseTTAFold and 

user-friendly high-throughput implementations such as 

ColabFold have further broadened access to accurate 

structure prediction and complex modeling 

[12,13,14,15]. 

In parallel, contact- and distance-based prediction 

approaches remain informative for assessing long-range 

constraints that shape tertiary structure. Deep learning 

contact predictors, such as DeepMetaPSICOV, have 

been used to infer residue–residue proximity patterns to 

support fold determination and model evaluation, 

particularly when integrated into downstream structure-

modeling pipelines [16,17]. End-to-end predictors such 

as DMPfold2 illustrate the feasibility of fast tertiary-

structure inference from multiple sequence alignments, 

enabling scalable exploration of protein folds and 

facilitating iterative structure-function analysis. Domain 

architecture prediction also remains important because 

domain boundaries frequently align with functional 

modularity and can influence the interpretation of 

binding sites and regulatory segments; recent domain-

boundary methods continue to refine sequence-based 

boundary inference [18,19,20]. 

Functional interpretation benefits from standardized 

annotation frameworks. The Gene Ontology (GO) 

knowledgebase provides a structured representation of 

biological processes and molecular functions and is 

widely used for enrichment analyses that contextualize 

proteins within cellular pathways [21, 22]. Accordingly, 

integrating modern structure prediction with GO-based 

functional enrichment can provide a coherent, 

hypothesis-driven view of a target protein’s potential 

roles and mechanisms [22,23,24]. 

In this manuscript, we apply an integrated computational 

workflow to CDK4, combining sequence-derived 

features and secondary-structure prediction with contact-

guided tertiary modeling, domain-architecture inference, 

and GO-based functional summarization to generate a 

consolidated in silico profile to guide subsequent 

experimental validation.  

 

METHODS AND MATERIALS  

Sequence feature map 

The analysis used the target protein amino acid (aa) 

sequence (FASTA format; ~304 residues as indicated in 

the panel). Secondary-structure prediction was executed 

with PSIPRED (secondary structure prediction) to obtain 

three-state assignments (helix/strand/coil) [25,26]. 

Amino-acid percentage composition & 

enrichment/depletion statistics were made with 

Composition Profiler (amino-acid composition), which 

reports percent composition & assesses deviations from 

a reference background using Z-score (Z-score) with 

related p-value (p-value) [27]. 

PSIPRED Cartoon and Sequence Plot 

The FASTA sequence (aa) was submitted to PSIPRED to 

predict secondary structure (secondary structure) at each 

residue position, producing a three-state track (H/E/C) & 

a consistent confidence profile [25,26]. Predicted 

segments were reduced in the PSIPRED cartoon 

(PSIPRED cartoon) to precisely contiguous regions of 

helices & strands, while the sequence plot (sequence 

plot) mapped the similar predictions directly onto the 



Page: 1 0 6 4   

From Sequence to Function: insilico Structural and Functional Annotation of a Target Protein CDK4 

IJDDT, Volume 16 Issue 43s, 2026 

amino-acid letters across the full sequence, allowing 

residue-level interpretation of structural context. The 

final figure united the confidence bar, three-state 

prediction, & the sequence annotation view into a single 

publication-style layout consistent with PSIPRED 

Workbench reporting [25,26,27]. 

DeepMetaPSICOV contact plot, DMPfold prediction, 

& DomPred 

The analysis underway uses the target protein amino acid 

sequence in FASTA format & used three computational 

components: DeepMetaPSICOV (residue-residue 

contact prediction), DMPfold (de novo structure 

prediction), & DomPred (domain boundary prediction). 

First, an alignment-supported channel was used to derive 

evolutionary information via a multiple sequence 

alignment (MSA) (multiple sequence alignment), after 

which DeepMetaPSICOV generated a residue contact 

probability matrix that was visualized as a symmetric 

contact map (contact map) indexed by residue i & j [25]. 

Following, predicted contacts/distances were used as 

structural limits for DMPfold, which builds a 3D fold 

model by iterative constraint-guided modeling; the 

resulting structure was reduced as a ribbon diagram to 

highlight predicted secondary-structure elements [28]. In 

corresponding, DomPred was applied to estimate likely 

domain boundaries via analyzing sequence-derived 

features (commonly including predicted secondary 

structure), producing a residue-indexed profile that was 

plotted to show putative domain regions across the 

sequence. Outputs from these steps were amassed into 

the three panels: (A) contact plot, (B) predicted 3D 

model, & (C) domain prediction profile [29]. 

Gene Ontology-based functional categorization 

Functional interpretation was performed by assigning 

Gene Ontology (GO) terms to the target protein & then 

summarizing them into higher-level categories for 

visualization. For a short time, the protein amino-acid 

sequence (FASTA) was annotated using a standard 

evidence-integration workflow that combines (i) 

sequence similarity inference against curated protein 

databases and (ii) domain/signature detection to support 

function transfer & GO mapping [25,30]. The resultant 

GO annotations were separated into the GO ontologies, 

biological process & molecular function, then reduced 

via grouping semantically connected terms into broader 

parent classes to yield interpretable thematic labels [31]. 

In conclusion, the grouped categories were rendered as 

circular “petal” instant charts, where each segment 

represents a main functional theme derived from the 

underlying GO term set. 

 

RESULTS 

Sequence-Derived Structural Features 

The sequence feature map points to the fact that the 

CDK4 protein (~304 aa) is predicted to adopt a mixed 

secondary-structure manner, with several α-helical 

regions distributed across the sequence & numerous 

shorter β-strand segments interspersed between helical 

blocks (Fig. 1A). The spatial distribution of these 

elements suggests a structured protein core composed of 

alternating helical & sheet-forming regions, rather than a 

single continuous helix bundle or an exclusively β-rich 

fold (Fig. 1A). 

Amino-acid composition profiling further supports these 

structural leanings via revealing non-uniform residue 

frequencies across the 20 standard amino acids, 

consistent with the presence of well-organized 

secondary-structure elements (Fig. 1B). In addition to 

reporting composition percentages, the analysis makes 

available a Z-score based statistical framework to assess 

enrichment or depletion (p-value scale), allowing 

identification of residues that are pointedly over- or 

under-represented comparative to expectation (Fig. 1B). 

Together, the combined structural map & composition 

statistics summarize sequence-level evidence for a 
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mainly structured protein with enclosed α/β features & 

measurable residue-bias signatures (Fig. 1A-B). 

 
Figure 1. (A) Sequence feature map viewing predicted helices (blue) & β-sheets (red arrows) across the protein 

(CKD4). (B) Amino-acid composition (%) with Z-score-derived p-value significance scale. 

 

Secondary-Structure Prediction 

PSIPRED analysis predicts that the target protein 

(CDK4) is composed of alternating secondary-structure 

statuses, with multiple helical segments (H) interrupted 

via strand (E) & coil (C) regions, indicating a mixed α/β 

organization rather than a single dominant structural 

class (Fig. 2A). The confidence path shows that 

numerous predicted elements particularly longer helices 

and extended strands are maintained through 

consistently raised confidence values, suggesting robust 

assignment of most important secondary-structure 

blocks across the sequence (Fig. 2A). 

 

Residue-level mapping in the sequence plot further 

visualizes how these predicted structural states distribute 

along the leading sequence, enabling direct identification 

of regions enriched in helices versus strands & 

prominence intervening coil-rich linkers (Fig. 2B). 

Together, the agreement between the cartoon 

representation & the position-resolved sequence plot 

supports a structured protein containing recurrent helical 

regions, interspersed β-strands, & flexible coil segments 

that likely contribute to connecting structured motifs 

(Fig. 2A-B) 
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Figure 2. (A) PSIPRED secondary-structure cartoon viewing predicted helices (H), strands (E), & coils (C) 

with confidence. (B) Sequence plot mapping predicted secondary-structure states along the amino-acid 

sequence. 

 

Contact-Guided Structure & Domain Prediction of 

the Target Protein 

The DeepMetaPSICOV contact plot makes known 

distinct clusters of predicted long-range residue–residue 

contacts, visible as off-diagonal high-intensity signals, 

consistent with multiple nonlocal interactions that can 

constrain tertiary packing (Fig. 3A). The occurrence of 

these structured contact patterns (beyond the main 

diagonal) supports the inference that the protein adopts 

an ordered fold with defined spatial nearness 

relationships among distant sequence positions (Fig. 

3A). 

Using these contact-derived constraints, DMPfold 

generated a compact 3D model exhibiting a mixed α/β 
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structural organization, with β-sheet elements packed 

against helical segments and connected by loop regions 

(Fig. 3B).  

 
Figure 3. (A) DeepMetaPSICOV contact map showing predicted residue contacts. (B) DMPfold 3D 

structural model of the target protein (CDK4). (C) DomPred domain-boundary prediction across the 

sequence. 

The overall topology implied by the model is consistent 

with the contact-map features, where concentrated off-

diagonal signals correspond to inter-segment packing 

within the folded structure (Fig. 3A-B). Together, the 

contact map and the DMPfold model provide convergent 

evidence for a stable tertiary arrangement rather than an 

extensively disordered conformation (Fig. 3A-B). 

DomPred analysis further suggests internal domain 

organization across the sequence, with boundary signals 

indicating transitions between putative 

structural/functional units (Fig. 3C). The distribution of 

predicted boundary features is consistent with a multi-

segment architecture in which distinct regions may form 

separable domains or subdomains, potentially explaining 

the contact clustering and the modular packing observed 

in the 3D model (Fig. 3A-C). 

 

Functional Enrichment of the Target Protein 
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Gene Ontology (GO) enrichment analysis indicates that 

the target protein is associated with a broad set of 

biological processes, with prominent categories linked to 

cellular and protein localization, intracellular signal 

transduction, and regulation of gene expression, 

alongside metabolic-related terms such as fatty-acid 

metabolic processes (Fig. 4A). The diversity of enriched 

process terms suggests functional involvement across 

multiple cellular pathways rather than restriction to a 

single biological role (Fig. 4A). 

Consistent with these process-level associations, the 

molecular function enrichment profile is dominated by 

binding- and activity-related terms, including 

nucleotide/ATP binding, RNA binding, small-molecule 

and metal-ion binding, as well as catalytic activities such 

as kinase and oxidoreductase activity (Fig. 4B). 

Together, the GO patterns support the interpretation that 

the protein may participate in regulated cellular 

processes through ligand-binding and enzyme-like 

functions, with potential roles in signaling and 

metabolism-related contexts (Fig. 4A-B). 

 

 
Figure 4. (A) Biological-process enrichment summary for the target protein (CDK4). (B) Molecular function 

of the CDK4 protein. 
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DISCUSSION 

Across Figures 1 & 2, the predicted secondary-structure 

landscape indicates a mixed architecture with alternating 

α-helix & β-strand/β-sheet segments dispersed along the 

sequence, consistent with a globular fold rather than an 

entirely helical bundle or a largely disordered chain. 

Such outputs are usually derived from PSIPRED-style 

pipelines & remain useful for rapid structural 

description, particularly when combined with confidence 

tracks that best part regions where predictions are more 

reliable & where additional evidence (e.g., homologs or 

structure models) may be desirable [25,26]. 

Figure 1 also presents an amino acid composition 

summary that can assist in interpreting physicochemical 

tendencies, e.g., enrichment in hydrophobic or charged 

residues, which may correlate with core packing, surface 

properties, or potential interaction interfaces. 

Composition-based signals are not seminal alone, but 

they provide complementary context to secondary-

structure predictions, particularly when taken alongside 

statistical enrichment measures (Z-scores & p-values) & 

compared [32].  

Figure 3 integrates coevolution-informed restraints with 

structure modeling, where the contact map 

(DeepMetaPSICOV-type output) highlights long-range 

residue couplings that often agree with tertiary packing 

& β-sheet pairing. Using such constraints to guide 

folding is a well-established strategy; more recent end-

to-end frameworks (e.g., DMPfold2) show that fast 

structure prediction can be achieved directly from MSA 

representations & learned structural constraints, 

producing 3D models suitable for hypothesis generation, 

domain mapping, & supervisory experimental design 

[33,34]. 

In the present landscape, structure prediction has been 

reformed via high-accuracy deep-learning methods 

(notably AlphaFold2), which substantially improved 

reliability for many single-chain proteins & changed how 

secondary-structure & contact predictions are used often 

as complementary checks, for analyzing 

confidence/ambiguity, or for cases where end-to-end 

methods may be limited through poor alignments, 

unusual sequences, or multi-domain organization 

[8,25,26].  

Figure 4 summarizes the inferred function using Gene 

Ontology (GO) groupings, separating the Biological 

Process and Molecular Function themes. In practice, 

such summaries are only as strong as the underlying 

evidence (homology, domain signatures, curated 

annotations), so best practice is to combine multiple 

evidence streams, e.g., InterPro family/domain 

assignments and GO mappings, and then present results 

at an interpretable level of abstraction [35,36,37]. This 

consolidative tactic reduces overinterpretation of single 

hits & supports transparent functional hypotheses that 

can be tested experimentally.  

 

CONCLUSION 

Taken together, the analyses afford a coherent in silico 

description of the target protein CDK4, from sequence to 

putative structure & function. Secondary-structure 

prediction shows a mixed α-helix/β-strand organization 

with region-specific confidence, supporting a folded 

globular architecture rather than a consistently 

disordered protein. Amino acid composition provides a 

balancing physicochemical context that can influence 

stability & interaction propensity for interaction. 

Contact-based modeling further supports the presence of 

long-range constraints consistent with a defined tertiary 

fold & advises plausible domain segmentation through 

domain-boundary profiling. In conclusion, Gene 

Ontology (GO)-style precises translate sequence/domain 

evidence into explainable hypotheses for biological 
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process & molecular function, providing a functional 

framework for experimental prioritization. In addition, 

these outcomes nominate specific structural regions & 

functional themes for follow-up validation using 

orthogonal tactics such as comparative modeling against 

known homologs, targeted mutagenesis, 

binding/enzymatic assays, & high-resolution structure 

determination. 
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