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Abstract: This work demonstrates how Human-AI collaboration can substantially 
accelerate advanced skill development and end-to-end results (transition “from 
learning to doing”) in complex fields that traditionally require extensive, lengthy 
training. In a graduate-level course “AI, Generative AI, and Data Science for 
Biomedical Informatics” taught by Eugene Kolker, the experimental group with little 
to no prior experience rapidly progressed from instruction to producing credible, real-
world results. Enabled by Generative AI (GenAI), the experimental group members 
processed data, generated code, interpreted results, synthesized literature, and 
documented findings over a focused 20–hour implementation phase. Applying these 
sophisticated skills to a rigorous, multi-step analysis of eukaryotic enzymes, they 
observed underlying preferred sizes, consistent with and extending upon prior work. 
Notably, the more experienced control group failed to reproduce these results even 
after 50% more time. This striking success-failure differential was enabled by the 3P 
(Prompt, Persist, Produce) framework. 3P is a straightforward, robust, and 
reproducible Human empowerment methodology that draws its inspiration from the 
Socratic Method, Experiential Learning Theory, and Systems Thinking. The 3P 
approach is based on three pillars: (1) optimally structured communication, (2) 
Human expert facilitation (“player-coach” function), and (3) GenAI systems. 
Comparison of the results obtained by the experimental group with 3P (and GenAI) 
versus control group without 3P (and GenAI) revealed that 3P significantly shortens 
the time from question to insight and from learning to outcomes. Through Human-AI 
collaboration, 3P accelerates advanced skill development and end-to-end results, 
including, for instance, the preparation of this manuscript. The 3P “from learning to 
doing” paradigm not only transforms traditional training curves, but also offers a 
rapid, scalable, field-agnostic blueprint for accelerated research and development, 
innovation, workforce upskilling and reskilling, and measurable, end-to-end results.  
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1. Introduction 

1.1. From the Experiential Learning, Socratic Method, and Systems Thinking to GenAI and 3P 

The 3P framework draws its inspiration from three historically enduring approaches. First, the Experiential 
Learning Theory states that skills are best mastered by doing, not merely by hearing or seeing [1–5]. This learn-by-
doing approach has very deep historical roots, most notably traced to the Confucian philosopher Xunzi (Xun Kuang), 
who lived in the third century B.C.E. A simplified version of his teaching captures the essence: “When I hear it, I 
forget it. When I see it, I remember it. When I do it, I know it” [6]. Second, the classic and modern Socratic Method 
complements this by structuring the “doing” around iterative questioning and dialogue, ensuring clarity, reflection, 
and refinement, and serving as the cornerstone of the modern conversational, structured communication [7–12]. 
Third, closely connected with Systems (Integrative) Biology [13–19], Systems Thinking situates both action and 
dialogue within a holistic method, connecting immediate tasks to broader goals and reproducibility [20–23]. Together, 
these three inspirations served a baseline for creating a single, synergistic 3P (Prompt, Persist, Produce) framework 
designed to supercharge experiential learning, skill development, and delivery of results (Figure 1). 

 

Figure 1. Overview of the 3P (Prompt, Persist, Produce) Framework. 

As AI marked its 70th anniversary in August 2025 [24], advanced AI tools enable unprecedented 
opportunities to accelerate and transform both learning and execution. The integration of Generative Artificial (or 
Augmented, Applied, Added) Intelligence (GenAI) [25–28] into learning is redefining the pace, scale, and 
accessibility of traditional training. Since ChatGPT launch on November 30, 2022 [29], GenAI, Frontier models, 
Small language models (SLMs), and Large language models (LLMs) [30–34] like GPT-4o Omni [35] and Claude 
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3.7 Sonnet [36], and advanced AI tools like Perplexity [37] have ushered in a new era of AI-assisted research and 
development [38]. These modern models now go beyond text generation to assist with data analysis, hypothesis 
testing, and knowledge synthesis. Among others, they can empower researchers and novices alike to iterate across 
different fields and enable flexible, hypothesis- and data-driven developments [39–50]. More broadly, GenAI 
systems have brought substantial advancements to multiple, diverse Human activities, including, for instance, 
augmentation and automation of routine tasks, code generation, education, and advanced searches and 
summarization [51–65]. 

Specifically in biomedical research and development, AI has already demonstrated remarkable capabilities. 
Examples include protein structure prediction (e.g., RosettaFold, AlphaFold) and functional annotation (e.g., 
GrAPFI) [66–71]. Notably, the 2024 Nobel Prize in Chemistry was awarded half to David Baker for computational 
protein design [66,67], and the other half to Demis Hassabis and John Jumper for their development of AlphaFold’s 
protein structure prediction [68,69]. Yet, the AI potential for guiding open-ended, exploratory pattern discovery, 
especially in complex fields with subtle, underlying signals requiring rigorous, multi-step analyses, remains 
underexplored. In these contexts, emphasizing Human-AI collaboration, including potential synergy between 
structured communication, Human insights and intuition, and AI-driven pattern recognition and delivery, may be 
particularly powerful. 

In this work, we developed and tested a novel 3P (Prompt, Persist, Produce) framework. 3P is a 
straightforward, robust, and collaborative Human empowerment framework designed to significantly shorten the 
time to skill development and end-to-end results. The 3P methodology is based on three pillars: (1) optimally 
structured communication, (2) Human expert supervision, and (3) GenAI capabilities (Figure 1). It is worth noting 
that optimally structured communication is defined by the six key characteristics: it has to be clear, specific, 
concise, structured (e.g., STAR- or SCR-like), conversational, and optimal (Table 1). As such, it is aimed at both 
Human-to-Human and Human-to communication. Through its real-world results-driven approach, 3P employed 
structured prompting with GenAI to accelerate training and execution of the experimental group. The synergy 
between effective communication, Human expert facilitation, and GenAI systems enabled the experimental group 
members with little to no skills not only to learn, but also to apply newly obtained skills in a complex, multi-stage 
project. As a result, 3P significantly accelerated both the skill development and end-to-end results. 

Table 1. Description of the optimally structured communication 1. 

No. Key Element Explanation 
1 Clear One-sentence BLUF 2 takeaway easy to understand and remember 
2 Specific Names, numbers, dates, actions, and constraints 
3 Concise Remove nonessential words, targeting ≤4 points (100 words) 
4 Structured Consistent layouts: From takeaway and facts to actions and timeline 
5 Conversational Plain language, personalized active voice, and minimal jargon 
6 Optimal STAR- or SCR 3-like, tuned for real-world outcomes with minimal back-and-forth 

1 Human-to-Human and Human-to-AI. 2 BLUF: Bottom line up front, the practice of beginning a message with its key 
information (the “bottom line”). 3 STAR: Situation-Task-Action-Result method; SCR: McKinsey’s Situation-Complication-
Resolution framework.  

Within a very short 20–h implementation timeframe the experimental group completed a sophisticated, multi-
step bioinformatics project from start to finish, including the detection and validation of hidden, underlying signals 
in eukaryotic enzyme lengths and submission of this very article. These two are the real-world, end-to-end results 
achieved by the experimental group, while the more experienced control group failed to do so. With 3P, both the 
training and execution became more inquiry-driven, dynamic, and empowering, while ensuring diligence, 
accuracy, and reproducibility. Ultimately, 3P aims to transform traditional learning curves and provide a scalable, 
field-agnostic approach for accelerated research, innovation, and workforce upskilling and reskilling. 

1.2. Bioinformatics Use Case: Analysis of Eukaryotic Enzyme Lengths 

There were three principal considerations in choosing the analysis of eukaryotic enzyme lengths as our 
bioinformatics use case for this work. First (timing and context): To produce robust, reproducible outcomes, this work 
utilized three advanced GenAI tools: GPT-4o Omni [35], which was released on 13 May 2024, Claude 3.7 Sonnet [36], 
released on 24 February 2025 (right before the project’s start), and Perplexity [37]. It was carried out within the two final 
months (from mid-March to mid-May 2025) of the Spring 2025 semester’s graduate-level course “AI, Generative AI, 
and Data Science for Biomedical Informatics” taught by Eugene Kolker at New York University. A bioinformatics 
analysis was both directly relevant and educationally appropriate. Second (use case): The chosen use case needed to be 
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complex, that is to require a rigorous, multi-step, and sophisticated analysis. Such a use case would challenge the 
experimental group with 3P (and GenAI) and control group without 3P (and GenAI) to implement a variety of 
computational and statistical methods and provide the meaningful interpretation of the obtained findings. These methods 
include exploratory data analysis, distribution fitting, signal processing, spectral analysis, and statistical testing [39–46], 
as well as biological interpretation of their observations. Third (defensibility): For the 3P framework to be robustly 
validated, the analysis had to involve complex (hidden, underlying) phenomena with well-established, peer-reviewed 
observations. The eukaryotic enzyme length distribution, including the presence of preferred sizes and their multiples 
(subtle, underlying signals), represent such a phenomenon: it is well supported in prior peer-reviewed literature and 
therefore suitable for benchmarking newly observed findings. Taken together, analysis of eukaryotic enzyme lengths 
addresses all three required criteria: it is biologically meaningful, computationally and methodologically demanding, 
and amenable to cross-validation against prior peer-reviewed work. 

Various biological factors influence eukaryotic protein lengths, such as folding dynamics, evolutionary 
pressures, energetic effects, and gene regulation [72–77]. While a comprehensive review lies beyond this section, 
several meaningful underlying drivers merit mentioning. One intriguing observation in bioinformatics is that the 
biological sequences contain diverse “hidden codes” in addition to the canonical triplet genetic code [78,79]. 
Among these, the underlying “code” [79] indicates preferred lengths for protein segments (domains, modules, or 
subunits), typically ranging from 50 to 250 amino acids (aa) [80–82]. Specifically, preferred sizes between 100 
and 150 aa (so-called “segmentation code”) have been reported most consistently across multiple studies, e.g., 
[72,74,76–79,83–101]. Historically, the concept of typical protein sizes dates back almost a century, originally 
proposed by Theodor Svedberg [102,103]. 

Another intriguing observation in bioinformatics is that functionally important proteins are more evolutionarily 
conserved [104–106]. Additionally, proteins of greater length often possess multi-domain structures resulting from gene 
recombination and fusion (protein “domain shuffling”) [80–82,107,108]. Interestingly, eukaryotic proteins display a 
notably high proportion of such modular architecture with at least two thirds classified as multi-domain [77,109–113]. 
Then, methionines, as start residues, would potentially mark those locations in multi-domain proteins that correspond to 
the potential DNA recombination sites, the borders between the fused genes [114]. Indeed, the analysis of eukaryotic 
protein sequences showed that methionine residues preferentially appear at the positions corresponding to the multiples 
of the preferred size of ~125 aa [88,114]. In total, several important factors combined together to produce the observed 
protein length distributions, including, for instance, structural (protein folding constraints), sequence (“segmentation 
code” of protein subunits or domains), evolutionary (functionally important proteins are more evolutionary conserved; 
gene recombination and fusion driving “domain shuffling”), and energetic (multi-domain proteins prevalence in 
eukaryotes) effects [72–101,104–114]. 

All these, in turn, make evolutionary conserved eukaryotic proteins a meaningful target. One class of such 
diverse, evolutionary conservative proteins is eukaryotic enzymes, making them an attractive use case [72,74,87,88]. 
Clearly, most eukaryotic enzyme lengths follow the background distribution. Still, we model the overall length 
distribution as a statistical mixture of this background distribution combined with n individual peaks at the potential 
preferred (subunit) length μ and its multiples (at 2 × μ, 3 × μ, … n × μ). Additionally, analysis of eukaryotic enzyme 
lengths with this potential hidden, underlying signal represents a great testbed for the 3P framework because it 
provides: (1) freely available, diverse, large enough datasets, (2) example of the complex, multi-stage project to detect 
hidden, underlying signals, (3) need for different sophisticated statistical and signal processing methods rarely 
accessible to novices, (4) clear, robust validation pathways via comparison to established peer-reviewed literature, 
and (5) opportunities for meaningful biological interpretation of computational results. Therefore, this work 
hypothesized that 3P can enable rapid, rigorous, and validated investigation and interpretation of a computationally 
and biologically challenging analysis of eukaryotic enzyme lengths within a very short timeline. 

2. Methods 

2.1. 3P Framework versus Traditional Approaches 

Let us introduce here the 3P (Prompt, Persist, Produce) framework. 3P drew its inspiration from three distinct 
sources: the classic and modern Socratic Method (including critical thinking, Neo-Socratic Method, active learning 
and listening skills, and reasoning, see [1–5]), Experiential Learning Theory, and Systems Thinking (Figure 1). 3P is 
designed to accelerate skill development and end-to-end results by combining the power of GenAI systems with 
iterative, effective communication and Human expert actionable guidance. Prior to the 20–hour focused 
implementation timeframe, the Human-to-Human optimally structured communication was instrumental to describe 
the project’s expectations, goals, and deliverables (Table 1, “Input” in Figure 1). This communication also concisely 
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introduced prior peer-reviewed literature and key approaches to be implemented, focusing on the required reading of 
only two articles [72,74] (other relevant publications were mentioned, but were not required to read). 

First (Prompt, optimally structured conversation): From the project’s start the experimental group (described 
in detail in “Experimental versus Control Group” section below) also employed the optimally structured Human-
to-GenAI communication (Table 1). Specifically, the experimental group started to develop a set of 
complementary structured prompting approaches. They include: single-paragraph summaries, detailed data 
processing instructions, a comprehensive analysis pipeline, targeted statistical method prompts, and technical 
spectral analysis prompts. Second (Persist, iterative improvements under Human expert facilitation): Each specific 
prompt type was initially submitted to both GPT-4o Omni and Claude 3.7 Sonnet [35,36] by the experimental 
group consisting of three teams. The experimental group then improvised and iterated with three GenAI tools 
(GPT-4o, Claude 3.7, and Perplexity [37]) until more optimized, reliable, and reproducible results were achieved. 
Third (Produce, end-to-end results): Three teams’ cross-comparison, competition, and collaboration resulted in a 
much faster iterative process towards significant overall improvements and delivering the real-world outcomes 
(Feedback Loop in Figure 1, Table 2). At this stage, all three different GenAI systems were used both for literature 
search, summarization, and manuscript preparation (“Output” in Figure 1). As a result, GenAI capabilities became 
the P3’s integral pillar that is also utilized in every Produce-phase activity. 

Table 2. Experimental group (with 3P): Team composition, methods, and results. 

Category Team A Team B Team C 
Background 

Composition * 
3 Biology, 1 Computer 

Science 
1 Biology, 1 Business, 1 

Engineering  4 Biology 

Programming Language Python (NumPy, SciPy, 
Pandas) 

R (tidyverse, spectral 
package) Python + R 

AI Prompting Approach 
Detailed step-by-step 

instructions with specific 
statistical parameters 

Open-ended queries with 
iterative refinement focused 

on methodology 

Domain-specific prompting 
with biological context 

Dataset Preprocessing 

Extensive taxonomic 
grouping, duplicate removal 

(reduced from 18,076 to 
15,103 unique enzymes) 

Creation of a non-redundant 
dataset by selecting max 
length representative per 

unique enzyme 

Different filtering strategies 
filtering out redundant protein 
names (Rule 1) and redundant 

sequences (Rule 2) 

Primary Method cos-Fourier Transform with 
signal smoothing 

Spectral Analysis of 
Distribution (SAD) method, 

per OMICS 2002 

Extended SAD with multiple 
filtering rules 

Statistical Methods 
Chi-square test, Gaussian 
Mixture Model (GMM), 

LOWESS, Wavelet analysis 

Likelihood ratio test (LRT), 
SAD, Normal mixture model 

LRT, GMM + Normal 
mixture model, AIC/BIC 

model comparison 

Results 

Eukaryotic enzymes have 
preferred sizes of ~117–127 
aa and their multiples that 

are non-random due to 
diverse effects 

Eukaryotic enzymes of 
~124–137 aa typical lengths 

and their multiples are 
evolutionarily preferred 

Eukaryotic enzymes exhibit 
preferred sizes of ~121–131 
aa and their multiples due to 

structural constraints 

* The background composition of the control group: 4 Computer Science, including 1 with Bioinformatics experience. 

Two other integral pillars of the 3P methodology (Figure 1) are the optimally structured communication and 
sustained, hands-on guidance from a Human expert facilitator, functioning in parallel as advisor, mentor, and 
player-coach. In the 3P implementation, effective Human-to-Human communication served as an intrinsic, vital 
core. Similarly, the importance of such effective Human-to-GenAI communication is hard to overstate. Optimally 
structured communication, as defined in Table 1, represents a reasonable “optimal” compromise tailored to both 
Human-to-Human and Human-to-AI collaboration. In addition, at every 3P phase, the Human expert (here the 
professor) provided real-time feedback, targeted corrections, and strategic direction. This supervision 
encompassed conceptual guidance, methods correction, critical appraisal of intermediate results, and best-practice 
reinforcement. Far from being peripheral, this “player-coach” function proved essential for accelerating three 
critical dimensions: 1. learning, 2. the transition from learning to practical execution (“from learning to doing”), 
and 3. the execution itself. Notably, such active supervision is not merely a feature of this work, but a crucial 
ingredient for successful 3P implementations. The 3P approach’s effectiveness is fundamentally anchored in the 
above iterative, expert-driven mentorship, which seamlessly integrates Human insights and GenAI capabilities. 
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2.2. 3P Hypothesis 

In this work, we hypothesize that the 3P framework, anchored in the effective communication and GenAI 
prompting, iterative approach, and Human expert facilitation, can dramatically accelerate the training and 
execution in complex fields. Specifically, we expect that within the constraint of the 20–hour implementation 
window, the experimental group could: (1) learn, comprehend, and apply diverse bioinformatics, statistics, spectral 
analysis, signal processing, and Fourier transform methods (that traditionally demand significant expertise and 
prolonged study and training), (2) compare and validate their results with previous peer-reviewed biological 
observations, and 3. document their findings for this article submission. To evaluate this three-part hypothesis, we 
compared the results obtained by the experimental group using 3P (and GenAI) versus the control group of more 
experienced peers restricted from 3P (and GenAI). This design enabled the direct test of whether 3P-empowered 
participants could match or even surpass the outcomes of traditionally trained and more experienced peers within 
the same short implementation timeframe. The classic A/B comparison between the experimental and control 
group results combined with the testing and validation of the above three-part hypothesis would indicate whether 
the 3P framework (Figure 1) succeeds in accelerating skill acquisition and producing robust, reproducible, real-
world, and end-to-end results. 

Additionally, all the participants of the experimental group evaluated pre- versus post-project confidence 
assessments based on the five following complementary criteria. First, Completeness measured coverage of all 
essential methodological components on a 1-5 scale. Second, Technical Accuracy assessed the correctness of 
described techniques and parameters, also on the same scale. Third, Clarity evaluated logical flow and accessibility 
to the target audience on the same scale as well. Outputs scoring from 1-5 on Completeness, Accuracy, and Clarity 
were considered publication-ready with minimal human editing. Fourth, Iteration Efficiency tracked the number 
of prompt refinements needed to achieve the desired output, with lower numbers being better. Fifth, Novel Insight 
Generation captured unexpected but valuable methodological contributions. 

2.3. Design and Composition: Experimental versus Control Group 

To address validity and reproducibility of the proposed 3P framework, we randomly divided the experimental 
group of 11 students into three teams: Teams A and C with four members, and Team B with three members. This 
size ensured adequate distribution of backgrounds per team (Table 2) and allowed meaningful cross-validation across 
three complementary pipelines. These team assignments reflected the following backgrounds: 8 in biology, 1 in 
business, 1 in engineering, and 1 in computer science, with none of bioinformatics training (see Table 2 for the teams’ 
specific compositions). The entire project, with optimally structured communication-, Human supervision-, and 
GenAI systems-empowered 3P, was performed in parallel by these three teams over the 20–hour implementation 
phase. The teams were not only able to cross-validate their findings, but also, through close and timely collaboration 
and healthy competition, shared insights and supported one another. In addition, strategies proven effective by one 
team were adopted by others, creating synergy and amplifying both the project’s learning and implementation 
outcomes. This process significantly improved overall results and accelerated the learning, the transition from 
learning to practical execution, and the execution experience for the participants of the experimental group. 

The absence of an initial specialized control group, using traditional approaches without 3P, posed a severe 
limitation for isolating the 3P contributions. To overcome this, we introduced the control group, instructing them 
to conduct their own 20–hour implementation phase without 3P. Purposely by design, the control group was more 
experienced and better equipped for the required multi-step, complex project with four computer scientists, and 
one of them having bioinformatics experience. To reiterate, the experimental group members came primarily from 
a non-computational background (Table 2). 

Representative prompts from Teams A, B, and C are presented in Tables S1 and S2, also accessible via the 
GitHub (https://github.com/nyu-vilcek-bmi/BMI_GenAI_Class_2025_LifeAI_Paper, accessed on 14 November 
2025) alongside the corresponding scripts and summary outputs generated by each team. All three teams 
meaningfully contributed at every stage of the project. Notably, Team C’s overall methodology was the most 
comprehensive and most closely aligned with the project’s research phases (see Table S1). For consistency, the 
work produced by Team C was used for illustrative purposes throughout the entire manuscript (Tables 2 and S1, 
Results section). For completeness, sample prompts from Teams A and B are also included in Table S2. 

2.4. Parallel Analysis by Experimental Group 

This project employed a three-team parallel analysis design for the experimental team focusing on the 
bioinformatics use case, described in the Section 1. Let us also briefly reiterate key assumptions and uncertainties 
of the multi-step analyses implemented in this work. First, the original data might reflect some biological 
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mechanisms that could generate some periodic components. Second, along with the underlying periodic 
components, the observed data include some background caused by a different origin, without any major 
systematic biases. Third, the total number of data points is large enough to provide a representative sampling of 
the random uncertainties. Fourth, per the sampling theorem [115], more than two data points must exist per period 
of the resolvable oscillating component. Here, each team independently implemented complementary 
methodological strategies to investigate potential preferred sizes in eukaryotic enzyme length distributions. All 
three teams were analyzing the same datasets in parallel, providing methodological diversity and enabling robust 
cross-validation. 

Diverse eukaryotic proteins were retrieved from the UniProt database [116] via the UniProt REST API and 
Python scripting (a revised Dataset 1, Table 2). API calls removed fragments and incomplete proteins while 
retaining entries with enzyme classification numbers (EC numbers). Data pre-processing procedures included 
column standardization, numeric conversion of protein lengths, and restricting analysis to proteins between 50–
600 aa (with very short and long entries removed). Additionally, mitochondrial proteins were removed, while 
entries with demonstrated evidence at the protein level were retained in a new Dataset 2 (Figure S1A, Table 3). 
Then, further filtering steps [72,74] were applied to both initial Datasets 1 and 2 resulting in their significant 
reduction. The processed Datasets 1 and 2 were reduced to 14,685 and 13,328 eukaryotic enzyme sequences 
corresponding to ~55.4% and ~55.9% of their initial sets, respectively (Table 3). 

Table 3. Four datasets: Number of eukaryotic enzymes. 

Dataset Initial Processed % * 
Dataset 1 26,486 14,685 55.4 
Dataset 2 23,831 13,328 55.9 
Dataset 3 27,600 14,881 53.9 
Dataset 4 21,813 12,378  56.7 

* Percent of Initial dataset. 

We developed a combined statistical approach to determine whether eukaryotic enzymes exhibit preferred 
lengths. This framework integrated two top lines of evidence: (1) distribution non-uniformity assessed via chi-
square tests against a uniform null distribution, and (2) multi-modality evaluated through optimal component 
selection in mixture models [117,118]. Additionally, the significance of observed signals was assessed using 
likelihood ratio tests (LRT) and statistical testing of spectral peaks. Model comparison was performed using 
Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) to evaluate hidden, underlying 
periodic models versus background-only models [119–122]. To rigorously evaluate potential oscillation, we 
employed maximum likelihood estimation (MLE) to fit both the Gamma Mixture Model (GMM) and Normal 
mixture model to the eukaryotic enzyme length distributions [123–125]. The Gamma component captured the 
background model, while one or more Normal components (the signals under investigation) represented potential 
periodic peaks aligned at integer multiples of a potential preferred length μ [126]. We estimated model parameters 
by maximizing the log-likelihood using numerical optimization. LRT statistics were computed as twice the 
difference in log-likelihoods and evaluated against a chi-square distribution [118,125]. The AIC and BIC analysis 
guided model selection, balancing fit and complexity to avoid overfitting, while identifying genuine (biological) 
signals [119–122,127]. 

Specifically, Team A focused on multiple spectral analysis approaches including cosine-Fourier transforms, 
wavelet analysis, and advanced spectral methods. Team B emphasized a reproduction of the previously published 
Spectral Analysis of Distributions (SAD) methodology [72,74,127–137] using R-based statistical methods with 
LRT and GMM. Team C applied exploratory data analysis [138], similar SAD algorithms, and diverse statistical 
modeling (LRT, GMM, Limited-memory BFGS with Bounds, and AIC/BIC analysis). Validation strategies 
included cross-taxonomic testing via Kolmogorov–Smirnov test [139], cross-validation by bootstrap confidence 
estimation, and consensus analysis across multiple signal processing methods. The combination of these 
independent approaches created a comprehensive analysis pipeline validating findings across multiple statistical 
and computational approaches (Table 2). 

2.5. Comprehensive Reanalysis 

To respond to reviewer recommendations, we carried out a complete, comprehensive reanalysis that involved 
both the experimental and control groups. This work focused on three new datasets: a new Dataset 2 (described in 
the previous section) and two new sets Datasets 3 and 4. For the initial Dataset 3, we pulled 27,600 eukaryotic 
enzyme sequences from the UniProt database [116] using the UniProt API shown in Figure S1B. The selection 
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was limited to the Eukaryota taxonomy (ID: 2759) and further filtered to include only proteins with EC numbers, 
reviewed status, and evidence at the protein level (Table 3). Additionally, we removed duplicated entries from 
Dataset 3 to get 21,813 eukaryotic enzyme sequences in the initial Dataset 4 (Table 3). To significantly reduce 
redundancy, while keeping functional diversity, we further processed the Datasets 3 and 4 with the Clusterize 
function from the DECIPHER Bioconductor package [140]. Clusterize applies a three-phase heuristic algorithm 
[141]: sequences above the similarity threshold (different thresholds were explored, with the distance cutoff 0.15 
chosen for the analysis; 0.15 corresponds to ≥85% similarity, calculated as the fraction of differing positions in 
pairwise alignments within overlapping regions) were grouped into existing clusters, while more divergent ones 
started new clusters. We then applied the same additional filtering steps used earlier for Datasets 1 and 2. As a 
result, the processed Datasets 3 and 4 were reduced to 14,881 and 12,378 eukaryotic enzyme sequences 
corresponding to ~53.9% and ~56.7% of their initial sets, respectively (Table 3). Finally, to strengthen 
reproducibility, we also cross-validated the obtained results with Cursor assistance [62].  

3. Results 

3.1. Experimental versus Control Group Outcomes 

The experimental group, working with the 3P framework progressed rapidly from instruction to producing 
statistically and biologically validated results within the 20–hour implementation window. The experimental group 
was able to successfully address the entire three-part hypothesis. The more experienced control group failed to do 
so even with 50% more time. Specifically, all three teams of the experimental group were able to: (1) comprehend 
and apply diverse bioinformatics, statistical, spectral analysis, signal processing, and cosine-Fourier transform 
methods, (2) compare and validate the observed results with previous biological peer-reviewed literature, and (3) 
fully document their findings resulted in the original submission of this very article. 

There is a complementary way to look at 3P and the above three-part hypothesis by focusing on three critical 
questions: (1) learning question: can the 3P framework (that is GenAI with optimally structured communication 
and Human expert facilitation) accelerate the transition from instruction to rigorous analysis and real outcomes? 
(2) validation question: can the experimental group with 3P and the control group without 3P produce reproducible 
results consistent with the peer-reviewed findings of eukaryotic enzymes’ preferred sizes (~125 aa and its 
multiples)? and (3) communication question: can the experimental and control group document an optimally 
structured communication (Table 1) of both their methods and results at a publication-ready level within the above 
extremely short timeframe? 

As a result, the experimental group positively answered all these three questions within the 20–hour 
implementation timeframe, while the control group was unable to do the same. “By design”, the control group was 
better equipped for the required, sophisticated, multi-step project, having four computer scientists and one of them 
with bioinformatics experience. Notably, the members of the experimental group (Teams A–C) were primarily 
from non-computational backgrounds (Table 2). Interestingly, the more experienced control group spent 10 
additional hours (total of 30 hours), that is about 50% more time but still failed to produce outcomes comparable 
in scope and quality to those of the experimental group. Subsequently, we estimated that the control group would 
have to spend in total between 20–to–40 additional hours to succeed. In other words, the control group would 
require 100%–to–200% more total time than the experimental group to match the same end-to-end results. 

3.2. Experimental Group: Pre- versus Post-Project Confidence Assessments 

We assessed the experimental group’s prior experience with three statistical and signal processing methods: 
Spectral Analysis, Gamma Distribution, and Fourier Transform. Three categories (No Experience, Basic 
Understanding, or Some Practical Experience) of prior experience and understanding were assessed across these 
three methods by this survey. The X-axes represent the experience categories, while the Y-axes show the 
percentages of respondents within each (see Figure 2). Not unexpected, but still it is worth noting that the 
experimental group participants reported neither prior experience nor prior understanding of Spectral Analysis 
(Figure 2A). Approximately 27% reported a basic understanding, but no prior practice with Gamma Distribution 
(Figure 2B). For Fourier Transform, ~18% reported a basic understanding and another ~18% reported limited prior 
experience, while nearly two-thirds had none (Figure 2C). Furthermore, the pre- and post-course 1–5 scale surveys 
demonstrated substantial confidence gains across all concept and skill areas (Table 4). Confidence in Spectral 
Analysis increased by 75% (from 2.0 to 3.5), Biological Interpretation by >57% (2.1 to 3.3), Statistical Modeling 
by 48% (2.5 to 3.7), and GenAI utilization increased by >27% (3.3 to 4.2; Table 4). This analysis showed how the 
3P framework compressed the typical learning curve for sophisticated bioinformatics work described here (Table 
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4). In turn, this revealed that 3P enabled quick, parallel, and simultaneous mastering of diverse sophisticated 
concepts and skills and their implementations to deliver end-to-end results. Overall, 3P enabled a novel, 
accelerated experience that is distinctively different from traditional, lengthy, and sequential training approaches. 

(A) (B) (C) 

Figure 2. Experimental group: Prior experience and understanding levels across statistical and signal processing 
methods. (A): spectral analysis experience, (B): gamma analysis experience, (C): Fourier transform experience. 

Table 4. Experimental group: Confidence metrics pre- versus post-project *. 

 Pre-Course Post-Course  
Skill Area Mean Confidence Level Mean Confidence Level Average Gain 

SAD Implementation 2.0 Low 3.5 Moderate-High +1.5 
Biological Interpretation 2.1 Low 3.3 Moderate +1.2 

Statistical Modeling 2.5 Low-Moderate 3.7 High +1.2 
GenAI Utilization 3.3 Moderate 4.2 High +0.9 

* Confidence levels based on scale: 1 = “Non-confident”, 2 = “Low confident”, 3 = “Moderate confident”, 4 = “High confident”, 
and 5 = “Extremely confident”. 

Furthermore, we evaluated performance of three prompt metrics (Specificity, Quality, and Iterations) across 
four distinct sessions of the initial submission of this article: Introduction, Methods, Results, and Discussion & 
Conclusions. The X-axis categorizes the data by an article section, while the Y-axis displays the corresponding 
scores on a standardized scale (see Figure S2). Specificity and Quality are measured on a 1-5 rating scale, with 
higher scores indicating better performance. Iterations represent the count of prompt refinements needed to achieve 
desired outputs, with lower scores indicating better efficiency. As a result, the prompt evaluation metrics indicated 
that high-quality, methodological, real-world outputs were generated after several iterations (Figure S2). Still, 
these estimations were obtained for the initial submission of this article. For the resubmission, the usage of GenAI 
was more targeted, in line with recommendations by the recent review [142]. 

3.3. Detection of Preferred Sizes of Eukaryotic Enzymes 

For the analysis of the eukaryotic enzyme lengths, three complementary approaches were developed by 
Teams A, B, and C (Table 2). It provided a comprehensive method with Team A’s prescriptive investigation and 
Team B’s generalized SAD and cross-validation approaches. For instance, specifically for the processed Datasets 
1 and 2 (Table 3), Teams A and B detected preferred sizes of ~117–129 aa and ~124–137 aa, respectively (Table 
2). Again, for consistency, we illustrated our findings, based on the analysis produced by Team C. Their approach 
combined Python and R programming with domain-specific biological context prompting. Team C employed SAD 
with multiple filtering strategies, Fourier Transform, Likelihood ratio test (LRT), and complex Gamma Mixture 
Models (GMM) and Normal Mixture Models for cross-validation. For instance, their results for the same data 
revealed preferred sizes of ~121–132 aa (Table 2). Distributions of the eukaryotic enzyme lengths for the processed 
variants of Datasets 2 and 4 (two smallest, most cleansed datasets) are shown in Figure 3A,B, respectively. The 
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smoothed versions of these distributions show maxima at ~125aa multiples, corresponding to multi-domain 
proteins prevalent in eukaryotes [77,109–112]. 

 
(A) 

 
(B) 

Figure 3. Distributions of eukaryotic enzyme lengths. (A): processed Dataset 2, (B): processed Dataset 4. The 
histograms correspond to the actual (raw) distributions, and the smoothed curves correspond to the running averages 
with a 41-aa window. 

These maxima were also detected by the SAD approach represented by the cosine spectra in Figure 4A,B, 
respectively. In these cosine spectra maxima at ~125 aa showed the highest amplitudes. (Also, there are numerous 
other maxima with lower amplitudes in these spectra, indicating other potential underlying signals, like, for 
instance, “exon shuffling” [143,144]. Analysis of these and other potential signals is beyond the scope of this 
work). Again, the appearance of the main signal at ~125 aa and its multiples indicates potential preferred sizes of 
the eukaryotic enzymes (Figures 3, 4, S3 and S4). Furthermore, the AIC/BIC analysis consistently supported the 
periodic mixture model across all four datasets. All four Datasets 1–4 demonstrated virtually the same results, 
including, for example, the estimated preferred lengths (the base periodic units) μ of ~127.9 aa and ~127.7 aa, for 
the two most cleansed, processed Datasets 2 and 4, respectively (Table 3). 

Additionally, the statistical significance of the observed main signals was utilized by the LRT, GMM, and 
Normal Mixture Models. The estimated parameters for all four processed Datasets 1–4 (Table 3) are summarized in 
Table 5. The estimated model parameters included the preferred lengths (the base periodic units) μ ranging from 
~122.48 aa (Dataset 4, Table 5 and Figure 5B) to ~129.04 aa (Dataset 2, Table 5 and Figure 5A) and σ (for the normal 
distribution of a single unit size) ranging from ~15.7 aa (Dataset 3) to ~17.71 aa (Dataset 2). While strengths of the 
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individual peaks at 1×, 2×, 3×, and 4× μ are different, ranging from ~0.001 to ~0.107 (Table 5, Figures 5 and S5), 
total sums thereof are much more similar, ranging from ~0.147 (Dataset 1) to ~0.194 (Dataset 4, Table 5). 
Furthermore, LRT resulted in highly significant observations, ranging from p = 3.05×10⁻⁵⁵ (Dataset 3) to p = 
3.23×10⁻³³ (Dataset 4, Table 5, Figure S6). These values provide robust statistical confirmation of the observed 
underlying signals, with the latter (largest) value corresponding to a Z statistic of ~12.01 (It is worth noting that a 
“classic” p value of 0.05 corresponds to a Z statistic of ~1.96). Overall, similar results were obtained for all four 
processed Datasets 1–4 pointing to statistically significant observations of ~125 aa preferred sizes and their multiples 
(Table 5, Figures 5, S5 and S6). Again, all four processed Datasets 1–4 described here (see also Table 3) could be 
independently analyzed. 

 
(A) 

 
(B) 

Figure 4. Spectral analysis of eukaryotic enzyme lengths. (A): processed Dataset 2, (B): processed Dataset 4. The 
cosine spectra generated by SAD achieve maxima amplitude at ~125 aa. 

Table 5. Processed datasets: Statistical parameters and p values. 

Parameter Dataset 1 Dataset 2 Dataset 3 Dataset 4 
μ 125.21 129.04 122.98 122.48 
σ 15.75 17.71 15.70 17.51 
p1 0.011 0.022 0.004 0.001 
p2 0.001 0.001 0.006 0.017 
p3 0.05 0.028 0.077 0.087 
p4 0.085 0.107 0.082 0.089 

sum(p1;p4) 0.147 0.158 0.169 0.194 
p value 2.36 × 10−51 1.31 × 10−50 3.05 × 10−55 3.23 × 10−33 
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(A) 

 
(B) 

Figure 5. Statistical mixture modeling of enzyme lengths. (A): processed Dataset 2, (B): processed Dataset 4. (A) 
For Dataset 2, the mixture model combines a gamma background distribution (red dashed) and overall model (sum 
of normal peaks, black) with two small peaks at 1× (green, p1) and 2× (blue, p2) multiples of the base period μ and 
two prominent peaks at 3× (pink, p3) and 4× (magenta, p4) multiples of μ (see Table 5). (B) Similarly, Dataset 4 
showed one small peak at 2× (blue, p2) and two prominent peaks at 3× (pink, p3) and 4× (magenta, p4) multiples 
of the base period μ (Table 5). 

4. Discussion and Conclusions 

4.1. From Novices to Skill Development and End-to-End Results 

Under hands-on guidance by the Human expert (“player-coach”), 3P transformed the learning and doing 
experience that typically requires a lengthy, months-long, specialized training. The 3P “from learning to doing” 
experience enabled the experimental group with little to no prior background to conduct advanced research and 
deliver end-to-end results within the extremely short, 20–hour timeframe. This Human-AI collaboration followed 
the “breathing cycle”: a process of continuous idea generation and refinement between the experimental group, 
their instructor, and AI tools. This process ensured that the AI-augmented 3P workflow remained grounded in 
Human interpretation and focused on the next steps towards the results delivery. The experimental group novices 
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quickly mastered technical methods, engaged with real-world questions and actionable insights, and produced 
publication-ready work, significantly lowering traditional barriers to entry for specialized complex fields. 

This transformation was driven by the 3P (Prompt, Persist, Produce) framework, which promotes iterative, 
AI-assisted cycles of parallel advanced skill development and delivery of reproducible, robust results. Rather than 
progressing linearly, the experimental group teams explored ideas (Prompt), refined analyses through guided 
troubleshooting and (on average) two-to-four short, targeted iterative improvements (Persist), and shared results 
(Produce; for details, see Tables 1–5, S1 and S2, Figures 1–5 and S1–S6). Notably, the entire project, from its 
launch to the manuscript submission, was completed in just two months within the focused 20–hour 
implementation phase. Synergy between the “player-coach”, optimally structured Human-to-Human and Human-
to-AI communication, and GenAI contributed at all project’s stages. They expanded from data processing and 
selecting spectral analyses and statistical tests through interpreting the observed underlying signals and validating 
biologically plausible mechanisms to documenting the obtained and validated results into submission of this very 
article. Diverse prompting strategies were evaluated to improve methodological clarity and insight generation. 
While GenAI enabled rapid access to methods and literature, final interpretation and validation remained a Human-
driven process grounded in Systems Thinking and research reasoning [20–23,39,40,45,145]. 

Several factors guided the choice of eukaryotic enzyme analysis as the use case. They involved the timing, 
context, and defensibility, including prior, well-established, and peer-reviewed publications. Numerous important 
biological and evolutionary effects contributed together to produce the eukaryotic enzyme length distributions 
observed nowadays. Some key of these include, for example, structural (protein folding constraints), sequence 
(“segmentation code” of protein units or domains), evolutionary (functionally important proteins are more 
evolutionary conserved; gene recombination and fusion driving “domain shuffling”), and energetic (multi-domain 
proteins prevalence in eukaryotes) effects [72–101,104–114]. Analyses of diverse eukaryotic enzyme datasets 
consistently detected preferred sizes around ~125 aa, matching, among others, “segmentation code”, typical 
independently folding domains and ribosomal pausing checkpoints (see the Sections 1 and 3). Applying SAD and 
complementary models to today’s UniProt data [116] reproduced and extended earlier findings with statistically 
robust and biologically grounded updates. In addition, this project demonstrated how 3P with GenAI enables rapid 
learning and implementation of sophisticated spectral, signal processing, and modeling methods to achieve 
meaningful, validated, and robust results. 

It is worth noting that the more experienced (by design!) control group was unable to match the results 
comparable to those produced by the experimental group within the same 20–hour timeframe. Moreover, with 10 
additional hours (50% more total time), the control group still failed to obtain results of the experimental group 
and were estimated to require in total 20–to–40 additional hours (100%–to–200% more total time) to do so. 
Overall, this work undoubtedly confirmed the three-part hypothesis behind the 3P framework. In other words, 3P, 
anchored in optimally structured communication and GenAI prompting, iterative approach and Human expert 
facilitation, can indeed dramatically accelerate the training and execution in complex fields. 

4.2. Current Limitations 
Several specific limitations should be considered when interpreting the findings of this work. (Broader, well-

documented limitations of GenAI and LLMs are beyond the scope of this section.) First, the small sample size of 
16. There were 11 participants in the experimental group (Teams A–C), 4 in the control group, and 1 technical 
assistant (helping with the reanalysis, for details see Methods and Results). This might somewhat limit the work 
scalability to larger contexts. Second, conducting the work at a single institution and with a single expert 
(professor, instructor, “player-coach”) could potentially limit generalizability to other environments. Third, the 
reliance on the surveys’ self-reported confidence measures might not ideally reflect actual participant’s 
competency, as these assessments are subject to a potential response bias. 

Fourth, the short-term nature of the work captured immediate confidence gains but did not track long-term 
retention of the obtained skills. Fifth, text-based and voice-based AI approaches utilized here were also complemented 
by PowerPoint presentations and short videos. Still, specialized SMLs and more advanced Frontier models, deep 
research, multimodal, and Agentic AI approaches could be beneficial [146–160]. Despite these evolving 
opportunities, the current version of the 3P framework already demonstrated remarkable improvements over 
traditional approaches, establishing a strong foundation for its wide-spread applicability in diverse (complex) 
contexts, including research and development, innovation and optimization, and workforce upskilling and reskilling. 
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4.3. Future Directions and Broader Implications 

The experimental group’s compressed journey from start to publication highlights the potential of 3P and, 
more broadly, Human-AI collaboration, to accelerate real-world outcomes across diverse fields. Ultimately, our 
work demonstrates that advanced, sophisticated skills need not be reserved for those with years or months of 
sequential, traditional training. Instead, with the right balance of Human mentorship and AI support, these complex 
skills can quickly become practical and attainable to novices as well. Future work should test 3P across diverse 
fields, from education and consulting to software engineering, project management, and product development. 
Future work might also examine how learner profiles and field-specific needs shape 3P’s effectiveness, while real-
time learning analytics and comparisons of team-based versus individual workflows could refine best practices 
and support scale-up. Longitudinal studies may further assess whether confidence gains persist and translate into 
lasting professional impact. Cross-disciplinary evaluations could also determine the generalizability of 3P. 

As emerging AI approaches expand into complex activities such as deep research, code generation, and project 
management, their potential to amplify both learning and doing will only grow [49,160–162]. Personalized assistants 
like Coach AI [147,148] and broader platforms such as ChatGPT Edu [163–166]. may soon meet more nuanced 
learning needs. Incorporating multimodal, deep research, and agentic AI technologies could further strengthen 3P by 
enhancing rapid, scalable, and widespread implementation. Similarly to the Cursor-based reanalysis presented here, 
AI-empowered systems may become key contributors in future 3P implementations [62–65]. Importantly, while AI 
enables accelerated skill development and result generation, final interpretation, verification, and validation remain 
Human-driven. 

The timeliness of the 3P framework is underscored by two recent reports from Stanford and MIT [167,168]. 
Stanford’s analysis of ADP employment data suggests that entry-level jobs in GenAI-affected fields such as 
software development and customer services are declining [167]. These and other reports argue that AI is more 
likely to replace “book-learning” knowledge gained in formal education than experience-based skills, which helps 
explain stagnant job prospects for younger workers despite overall labor market resilience [167,169,170]. MIT’s 
findings further suggest that most GenAI projects fail not due to technological limitations but because of adoption 
gaps [168,171]. 3P directly addresses both challenges: it provides a rapid, scalable, field-agnostic blueprint for 
transforming novices into contributors who generate real-world outcomes. 3P fosters hands-on, Human–AI 
collaboration to accelerate sophisticated projects, drive innovation, and enable measurable workforce reskilling. 

Supplementary Materials 

The additional data and information can be downloaded at: https://media.sciltp.com/articles/others/ 
2511171319045534/LifeAI-1261-Supplemenmtary-Materials.pdf. Table S1: Sample prompts utilized by Team C 
using GPT-4o OMNI. Table S2: Sample prompts utilized by Teams A and B using Claude 3.7 Sonnet. Figure S1: 
UnitProt APIs used for initial sets. Figure S2: Comparative analysis of AI prompt performance metrics across the 
article. Figure S3: Distributions of eukaryotic enzyme lengths. Figure S4: Spectral analysis of eukaryotic enzyme 
lengths. Figure S5: Statistical mixture modeling of enzyme lengths. Figure S6: Four processed datasets: Results 
validation with mixture model analysis. Figure details: (A, Top Left) Dataset 1, (B, Top Right) Dataset 2, (C, 
Bottom Left) Dataset 3, and (D, Bottom Right) Dataset 4.  
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