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Abstract 
The demand for developmental diagnos-
tics in personalized education reveals a 
fundamental crisis in classical psycho-
metrics. This paper presents a conceptu-
al blueprint for a new generation of 
LLM-based diagnostic systems engi-
neered to ensure methodological validi-
ty in high-stakes educational contexts. 
The project rests on five interconnected 
principles: methodological grounding in 
evidence-centered design (ECD), a 
hybrid 'centaur' architecture, echeloned 
quality control, role-oriented utility, and 
data sovereignty. Its core innovation is 
an 'emulated expertise architecture' that 
emulates not the expert's consciousness 
but their idealized professional work-
flow, decomposing the act of judgment 
into a network of verifiable procedures – 
systematic falsification, independent 
peer review (supervision), and dialecti-
cal synthesis – executed by a multi-
agent system of functionally specialized 
“prompt archetypes” (“researcher”, 

Резюме 
Запрос на развивающую диагностику в персо-
нализированном образовании обнажает фунда-
ментальный кризис классической психометри-
ки. Настоящая работа представляет концепту-
альный проект (blueprint) нового поколения 
LLM-диагностических систем, спроектирован-
ных для обеспечения методологической валид-
ности в высокорисковых образовательных кон-
текстах. Проект базируется на пяти взаимосвя-
занных принципах: методологическая обосно-
ванность (evidence-centered design, ECD), 
гибридная «кентавр-архитектура», эшелониро-
ванный контроль качества, ролевая ориентиро-
ванность и суверенитет данных. Ключевой инно-
вационный элемент — «архитектура эмулиро-
ванной экспертизы», которая эмулирует не 
сознание эксперта, а его идеализированный про-
фессиональный рабочий процесс, структурируя 
акт суждения в виде сети верифицируемых про-
цедур: систематической фальсификации, незави-
симого рецензирования (супервизии) и диалек-
тического синтеза, исполняемых мультиагент-
ной системой функционально специализирован-
ных «промпт-архетипов» («исследователь», 
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«аудитор», «коммуникатор»). Весь процесс под-
чинен этическому императиву «Человек-над-
циклом» (Human-over-the-Loop, HOTL), пози-
ционирующему систему как инструмент аугмен-
тации эксперта, а не его замены. Такой подход 
обеспечивает парадигмальный сдвиг от «психо-
метрии измерения» к «психометрии понима-
ния», генерируя не просто балл, а динамиче-
скую, контекстуализированную модель когни-
тивных процессов учащегося. Для обеспечения 
прозрачности и воспроизводимости работа 
сопровождается развернутыми дополнительны-
ми материалами, детализирующими пятифаз-
ную методологию трансляции психометриче-
ских инструментов в протоколы поведенческого 
анализа, а также полные микроархитектуры всех 
агентных архетипов. Интегрируя вычислитель-
ную психометрию с педагогической психологи-
ей, предложенная архитектура открывает путь к 
созданию валидных, надежных и интерпрети-
руемых инструментов, обозначает переход от 
статичного измерения к динамическому пони-
манию образовательных предпочтений и резуль-
татов обучающихся и предоставляет практиче-
ский инструмент для развития личностно-ори-
ентированного университетского образования. 
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“auditor”, “communicator”). The entire 
pipeline is governed by the 'human-
over-the-loop' (HOTL) ethical impera-
tive, positioning the system as a tool for 
expert augmentation rather than 
replacement. This approach facilitates a 
paradigm shift from a “psychometrics of 
measurement” to a “psychometrics of 
understanding”, generating not merely a 
score but a dynamic, contextualized 
model of the learner's cognitive process-
es. Supplementary materials detail the 
five-phase methodology for translating 
psychometric instruments into behav-
ioral analysis protocols and the complete 
microarchitectures of all agent arche-
types. By integrating computational 
psychometrics with educational psy-
chology, the proposed architecture 
opens a pathway toward valid, reliable, 
and interpretable tools, marks a shift 
from static measurement to a dynamic 
understanding of students' educational 
preferences and outcomes, and offers a 
practical instrument for advancing stu-
dent-centered university education. 
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The demand for developmental diagnostics exceeds classical psychometrics’ lim-
its, creating a methodological impasse that requires a new, LLM-catalyzed paradigm. 

Classical psychodiagnostics assumes accurate individual access to cognitive 
processes. However, research shows people often lack awareness of the true stimuli 
for their judgments, offering plausible post-hoc causal theories instead of accurate 
introspection (Nisbett & Wilson, 1977). Self-report validity is undermined by 
social desirability (Paulhus, 2002), response construction biases (Schwarz, 1999), 
referential shifts (Duckworth & Yeager, 2015), and retrospective memory distor-
tions (Credé et al., 2005). Introspective methods thus measure the self-concept – 
an internal, socially constructed model, not behavioral dispositions. 

Furthermore, the psychometric foundation of traditional diagnostics, particularly 
item response theory (IRT), is designed for stable, unidimensional latent traits 
(Embretson & Reise, 2013). This approach measures stable traits but fails to capture 
the dynamic cognitive processes essential for education, creating a significant 
methodological gap. This gap reflects the split between the “two disciplines of scien-
tific psychology” (Cronbach, 1957) and echoes critiques of testology’s detachment 
from real activity (Gurevich, 1998; Leontiev, 2011). The resulting low predictive 
power (Mischel, 1968) is now termed the “generalizability crisis” (Yarkoni, 2022). 

Classical psychodiagnostics faces practical barriers: developing and standardiz-
ing tests is too resource-intensive for mass personalization (Baturin et al., 2015), 
and tools from WEIRD (Educated, Industrialized, Rich, and Democratic) samples 
(Henrich et al., 2010) risk cultural bias, requiring costly re-validation (Kornilov et 
al., 2009). This creates a methodological zugzwang, as reliance on standardized 
testing can degrade the educational process (Koretz, 2017). 

This paper presents a framework for valid, reliable, and interpretable next-gen-
eration psychodiagnostic systems. 

The Observational Paradigm: a Technological Catalyst and New Challenges 

The introspective crisis requires shifting from self-reports to objective behavior. 
LLMs catalyze this shift but introduce new methodological challenges. 
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The observational paradigm measures what individuals do, not who they are. This 
approach, called “stealth assessment” (Rahimi & Shute, 2023), embeds assessment 
into naturalistic activity. Shifting from predefined answers to “digital footprints” 
(Lazer, 2015), it enables direct computational analysis of complex psychological phe-
nomena with superior predictive power over self-reports (Kosinski et al., 2013). 
Natural language is a significant digital footprint, as word choice signals psychologi-
cal states (Pennebaker, 2011) and narratives form identity (McAdams, 2015). 

The transformer architecture (Vaswani et al., 2017) ensured the observational 
paradigm at scale. Modern “foundation models” (Bommasani et al., 2021) exhibit 
“emergent abilities” for reasoning (Wei et al., 2022) activated by techniques like 
chain-of-thought (CoT) prompting (Kojima et al., 2022). 

A ‘black box’ application of foundation models poses validity and ethical risks: 
The ‘black box’ problem: neural network complexity renders LLMs internal •

logic uninterpretable (Burrell, 2016), making diagnostics opaque. High-stakes 
decisions require interpretable-by-design models, not post-hoc “explainable” black 
boxes (Rudin, 2019). 

Algorithmic bias: LLMs reproduce and amplify societal stereotypes (Caliskan •
et al., 2017; O’Neil, 2016). Even after explicit debiasing, large language models con-
tinue to show systematic group-related preference distortions in applied decision 
tasks (Bai et al., 2025). Autonomous, unaudited use in high-stakes settings is there-
fore not acceptable and requires multilayer auditing and human-over-the-loop 
control. 

Construct validity (a new form): LLMs may learn to rely on superficial lin-•
guistic correlations rather than deep psychological patterns, creating “measure-
ment phantoms” (Lin, 2025). They can also simulate desired responses (Argyle et 
al., 2023), a computational analog to social desirability. Without an external, theo-
retically grounded methodology, their construct validity is unprovable. 

Principles for Designing Methodologically Sound Systems 

A sound methodology uses an LLM to execute an external, explicit, scientific 
protocol. Five interconnected principles form the system’s conceptual framework: 

Methodological grounding (evidence-centered design). Externalizes diagnostic •
logic into an ECD protocol (Mislevy et al., 2003), requires interpretable, human-
auditable reasoning (Rudin, 2019) and out-of-sample predictive validity; following 
Yarkoni & Westfall (2017), predictive performance on new data is treated as a nec-
essary criterion for scientific credibility. 

Hybrid ‘centaur’ architecture. Rejects full automation for ‘centaur’ systems of •
AI-augmented experts (Brynjolfsson, 2022; Saghafian & Idan, 2024), using a deter-
ministic orchestrator to manage specialized LLM agent networks. 

Echeloned quality control. A multi-level system institutionalizing “organized •
skepticism” (Merton, 1973) over unreliable model self-critique (Madaan et al., 
2023) through systematic falsification and peer review. 

Role-oriented and didactic utility. The system must generate role-oriented •
outputs, not a single generic report. This includes an adaptive, formative report for 
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the learner to develop “feedback literacy” (Wiliam, 2018; Carless & Boud, 2018) 
and a professional report for the specialist. 

Data sovereignty and security. Mandates ‘security by design,’ ensuring strict •
compliance with legal norms like 152-FZ. Technical solutions ensure trust (e.g., 
local deployment, encryption, RBAC (Role-Based Access Control), auditable log-
ging) and compliance with data governance (the General Data Protection 
Regulation (GDPR)) and quality (GOST R ISO/IEC 25010-2015) standards 
(Federal Agency for Technical Regulation and Metrology, 2015). 

The Emulated Expertise Architecture: a System Blueprint 

The ‘emulated expertise architecture’ implements these principles by decompos-
ing an expert workflow into formalized, verifiable procedures (see Table 1, Figure 1). 

1. Macroarchitecture: Decomposition and Control Flows 

The macroarchitecture comprises functional units: “orchestrators”, a “domain 
expert”, a “domain supervisor”, and a “simplifier”. The workflow is an orchestrated 
pipeline of collection, analysis, synthesis, and persistence, with iterative feedback 
loops implementing echeloned quality control. 

2. Microarchitecture: Functional Specialization of Prompts 

The microarchitecture defines each agent’s cognitive toolkit via prompt engi-
neering, codifying methodology into executable instructions. It uses differentiated 
prompt assemblies for three archetypes: the “researcher”, the “auditor”, and the 
“communicator”. 

The “prompt researcher” (a domain expert) performs a three-stage hierarchical 
synthesis: 1) hypothesis generation and verification (heuristic core), 2) reliability 
self-audit, and 3) finalization, packaging verified knowledge into qualitative and 
quantitative outputs. The heuristic core uses hierarchical synthesis to manage 
complexity, systematic falsification via perspective shifting to combat confirmation 
bias, and formalized arbitration to objectify hypothesis selection. 

ECD model Architectural component Generated artifact

Competency model Prompt library, assessment rubrics Diagnostic construct, scales

Evidence model Interpreter agents, arbiter agent Local findings, confidence score

Task model Orchestrator, input data (text) Professional and adaptive reports

Table 1 
Mapping of Evidence-Centered Design (ECD) Methodology to Architectural Components
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The “prompt auditor” (a supervisor, validators) implements organized skepti-
cism by verifying the ‘researcher’s’ findings against predefined standards via a 
multi-tiered audit of the evidence, methodology, and reliability. 

Figure 1 
High-Level Representation of the Conceptual Blueprint of The Emulated Expertise Architecture
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The “prompt communicator” (a simplifier) translates verified findings into safe, 
valuable end-user products through validation, stylistic adaptation, and generating 
auxiliary teaching materials. 

Full specifications for the “researcher” (S1), “auditor” (S2), and “communica-
tor” (S3) are in the supplementary materials (Klepikov et al., 2025). 

3. Governing principle: human-over-the-loop (HOTL) 

The HOTL principle defines roles and responsibility, positioning the machine as 
an expert augmentation tool under “meaningful human control” (IEEE, 2019). The 
system, as a “cognitive artifact” (Norman, 1993), provides the expert with a profes-
sional report, confidence scores for attention-prioritization, and full data traceabil-
ity for independent verification (see Table 2). However, the HOTL model intro-
duces risks like automation bias (Parasuraman & Riley, 1997; Goh et al., 2024) and 
the responsibility gap (Matthias, 2004). 

Discussion: Theoretical and Practical Implications 

This blueprint shifts from a “psychometrics of measurement” to a “psychomet-
rics of understanding”. While classical psychometrics, facing a validity crisis 
(Borsboom et al., 2004; Schimmack, 2021), focuses on scores, the proposed system 
inverts this: a quantitative score projects a contextualized qualitative model. 

This entails an ontological shift from viewing personality as a set of static ‘traits’ 
to understanding it through dynamic cognitive-affective “repertoires”. Such a per-
spective aligns with established theoretical frameworks, including the CAPS (cog-
nitive-affective processing system) model (Mischel & Shoda, 1995) and the view 
of traits as state density distributions (Fleeson, 2001). This approach also res-
onates with the domestic psychological tradition of viewing personality as self-
determination (Leontiev, 2011). It allows for transforming diagnostics from a con-
trolling procedure into a developmental tool. The system’s ontological grounding 
is detailed in supplementary materials (Klepikov et al., 2025, S5). 

Identified risk Quality control echelon Architectural implementation

Confirmation bias Systematic falsification “Skeptic” agent (in “researcher” pipeline)

Algorithmic bias Independent peer review “Auditor” agent pipeline

“Black box” opacity Traceability & audit Logging, confidence score, HOTL

Low finding reliability Hierarchical synthesis Two-tier agent architecture

Table 2 
Correspondence of Quality Control Echelons to Identified Risks
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This shift has direct educational implications: it offers students a tool for 
metacognition (Schneider & Preckel, 2017); educators a basis for personalization 
(a “map of the ZPD” (Vygotsky, 2005)); and methodologists a research tool for 
learning analytics (Siemens, 2013). 

Limitations and Future Directions 

The blueprint requires full-scale validation. A detailed protocol for this is pro-
vided in the supplementary materials (Klepikov et al., 2025, S4), outlining a multi-
stage process that includes psychometric testing, didactic evaluation via RCTs, 
and algorithmic bias audits. 

Rubrics create a tension between depth and standardization, risking construct 
underrepresentation (Messick, 1989). At scale, this challenge is amplified, as cul-
tural adaptation of rubrics becomes a critical question of cross-cultural validity. 
The system’s effectiveness also hinges on human factors, demanding new compe-
tencies for educators to interpret its outputs. Technical limitations include the 
opacity of semantic synthesis nodes, partially mitigated by RAG (Retrieval-
Augmented Generation) (Lewis et al., 2020), and the inherent quality-cost trade-
off of the complex multi-agent workflow, a deliberate choice favoring validity. 

Conclusion 

The solution is not human replacement but integrated, grounded “centaur” sys-
tems (Saghafian & Idan, 2024). Success utterly depends on an “architecture of trust”: 
methodological grounding (ECD), hybrid design, echeloned quality control for bias-
es (Bai et al., 2025), role-oriented utility, and data sovereignty. The protocol creation 
methodology is detailed in supplementary materials (Klepikov et al., 2025, S0). 

This shift from measurement to understanding is consistent with computational 
psychometrics’ evolution toward process modeling (von Davier et al., 2022), 
enabling the construction of verifiable, dynamic personality models. LLM-driven 
observational diagnostics operationalize this process view by modeling cognitive–
affective repertoires rather than static traits, while the ECD mapping to the emu-
lated expertise architecture transforms competency models into testable hypothe-
ses-creating a platform for methodological research that integrates psychometrics, 
psychology, and machine learning. For educational institutions, incorporating such 
diagnostics into digital ecosystems facilitates longitudinal analytics: tracing reper-
toire evolution, measuring intervention effects, and linking process-level indicators 
to outcomes such as grades or retention-a pathway toward evidence-based quality 
assurance focused on developmental trajectories. 

Such an approach, consonant with ideas of personality as self-determination 
(Leontiev, 2011), transforms diagnostics into a developmental tool. These tools are ele-
ments of a modern educational environment responding to the challenges of digital social-
ization (Soldatova, 2018) and the future of work (National Academies of Sciences, 
Engineering, and Medicine, 2022). Thus, psychodiagnostics can become a humanistic 
instrument, realizing AI’s promise to augment, not imitate, humans (Brynjolfsson, 2022).
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