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Background/Objective: The application of artificial intelligence has expanded beyond being purely academic into having
observable impacts on economics, politics, and science; however, the literature that discusses the capabilities, potential dangers,
and future developments of the technology toward general intelligence is quite scattered. This review aims to consolidate
information on six interlinked aspects including LLM architecture, Al safety and deceit, impact on employment, governmental
and military utilization, computation power, and development toward artificial general intelligence through three research
questions on capability limits, safety frameworks and implications of development for society and governance.

Methods: Narrative literature review using a systematic and PRISMA-inspired search and screening procedure was performed
in academic databases (arXiv, Google Scholar, Springer Nature) and selected grey literature sources from April to May 2026.
From the total number of 331 articles screened, 31 articles have been selected.

Results: According to eligible sources, LLMs are indeed a capability breakthrough with continued issues of hallucinations,
privacy problems, and hidden bias, which are countered by safety filters in an inconsistent manner. Deceptive behavior is
possible and may even thrive in certain situations through adversarial safety training. Government labor statistics report a
significant wage gap between Al-related and adjacent technical jobs, and official government financial data prove massive
funding in military Al capability development. Computational efficiency improvements look promising in terms of both
capability and sustainability gains, but AGI capability is yet to be verified by existing assessment tools.

Conclusions: The technical development of Al is happening more quickly than the governance systems and safety frameworks
that are needed to regulate it safely. There is a need for proactive rather than reactive regulatory action based on evidence.

Keywords: Large Language Models (LLMs); Al safety; deceptive alignment; Artificial General Intelligence (AGI);
computational efficiency; Al governance

Introduction tion of Al is a phenomena capable of doing tasks that require
cognitive processes but does not necessarily comprehend them

Background and Context at the fullest extent?.

Artificial Intelligence (Al) is a broad field whose definition
varies by disciplinary perspective and skills such as mathe-

) P ) i Key Constructs and Operational Definitions
matics, probability, and reasoning'. For data scientists and

computer engineers, it can broadly be understood as the devel-
opment of computational systems that exhibit a degree of in-
telligent behavior?. These systems range from relatively sim-
ple rule-based programs, such as those used in chess engines,
to highly complex architectures such as Large Language Mod-
els (LLMs). The present-day LLMs exhibit a capacity to rea-
son despite being limited, by means of their interlinked neural
network structures. Up until recently, Al was perceived as an
abstract science with little use in practice; however, with the
recent public release of conversational LLMs, there has been
a major shift in this understanding of the field. Another defini-

1 Prepa Tec Steam, Jalisco, Mexico

This review draws on several constructs that are often used
loosely. To maintain analytical coherence, each construct is
defined here in operational terms before being applied in sub-
sequent sections. Al capabilities:* are the observable capa-
bilities of the system (e.g., language generation, use of tools,
planning, vulnerability detection), demonstrated on particular
benchmarks or during testing, regardless of whether the sys-
tem claims to have any understanding. AI risks:> are the po-
tential negative outcomes associated with using a certain ca-
pability; they include technical risks (e.g., hallucinations, pri-
vacy risks), safety risks (e.g., deceptive, covert harm), as well
as broader societal risks (e.g., labor displacement, misuse for
military purposes). Large Language Models (LLMs) :© are
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artificial neural network models, which, using transformers,
are trained on large amounts of text to predict next tokens;
their functioning is tested on language benchmarks and, by it-
self, does not imply understanding. LLM agents : 7 are LLMs
augmented with a tool (code execution, file access, or external
system calls) that increases their autonomy beyond single-turn
text generation.; agents may be trained or prompted to gener-
ate outputs that align with specified norms in an expanded ac-
tion space compared to baseline LLMs, lacking the interpre-
tive capabilities suggested by that term. Human-level:® is a
system that matches human performance on a diverse suite of
cognitive tasks, including common-sense reasoning, in com-
parison to human baselines on the same cognitive tasks. Ar-
tificial General Intelligence (AGI): is a system that matches
or surpasses human performance®, and that excels on the di-
verse suite of abilities described by Goertzel 1 , including
perception, actuation, memory, learning, reasoning, planning,
attention, motivation, emotion, and self-awareness, assessed
against standardized cross-domain benchmarks where such
benchmarks currently do not exist. Superintelligence!! is a
hypothetical system that surpasses human performance across
all cognitive domains at once. This concept is purely hypo-
thetical 2, it is included only for clarity between AGI and the
other concepts presented .

These definitions are applied consistently in the sections
that follow.

Problem Statement and Rationale

Even as technological advancements continue at an increasing
pace, there has been little improvement in governance mech-
anisms, safety protocols, and ethical considerations. Some of
the problems that remain unsolved to date include mislead-
ing behavior that is resistant to traditional safety training ',
privacy issues that run through the entire process of develop-
ing the models '#, hidden biases that escape traditional filters
despite very high filtering rates'>!®, and lack of metrics that
could measure progress towards achieving AGI '°.

Significance and Purpose

The convergence of evidence from technical, economic, eth-
ical, and speculative perspectives yields a unified view that
cannot be obtained through a single-perspective analysis; this
helps in making decisions on the use, regulation, and research
of Al systems.

Research Questions

This review is guided by three focused research questions:
RQ1: According to peer-reviewed and technical literature,

how capable and deficient are current LLMs and LLM agents

concerning factual accuracy, privacy, bias, and safety?

RQ2: How well do existing frameworks for ensuring Al
safety and alignment (including stratified risk and oversight)
respond to the documented deceptions and harms by Al sys-
tems?

RQ3: What do current labor-market, governmental, and
technical efficiency literature suggest about the near-future
trajectory of Al development, and what does this tell us about
the plausibility of future development towards AGI?

Scope and Limitations

The following review is centered on large language models
and adjacent architectures that have been analyzed through
various perspectives including technological, economic, eth-
ical, and theoretical aspects. The review will not cover Al-
related applications in particular domains like medicine, law,
and education; no quantitative meta-analysis was conducted.
The search for relevant literature was performed in English
and may underrepresent research from non-Anglophone sci-
entific communities.

Theoretical Framework

In particular, this review is based on three joined frameworks:
the Al alignment literature on misalignment/deception, which
provides terminology for describing problems of safety in
learned models '3; the framework of stratifying risk for new
technologies, which is the basis of recommendations for gov-
ernance of emerging technologies !’; and the paradigm of AGI
capability taxonomy, offered by Goertzel 1°, which serves as a
structural basis of evaluation of general-purpose Al systems.

Methods

Research Design

The current review follows a narrative design, supported by
a well-formulated and systematic search and selection pro-
cess in accordance with PRISMA standards. The rationale for
following a narrative rather than quantitative (meta-analysis)
design lies in the fact that the evidence presented is hetero-
geneous in nature, ranging from controlled experiments, red-
teaming reports, governmental statistics databases, to theoret-
ical perspectives, and therefore cannot be statistically com-
bined. In order to eliminate any confusion, the term “narrative
review” will be consistently used in this paper.

Information Sources and Search Strategy

A structured search of the literature was performed from April
2 to May 1, 2026. Research papers were found in Springer Na-
ture, Google Scholar, and arXiv preprints. In order to obtain
relevant grey literature and market data, an additional targeted
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manual search was performed in organizational resources such
as reports by Anthropic’s red team and U.S. government statis-
tics.To support replicability, search strings were constructed
using Boolean operators (AND, OR), applied to title, abstract,
and keyword fields:

Academic databases and preprint repository (arXiv /
Google Scholar / Springer Nature): (“artificial intelligence”
OR “AI” OR “large language models” OR “LLM”) AND (“ca-
pabilities” OR “risks” OR “data privacy” OR “energy effi-
ciency”) AND (“deception” OR “sleeper agents” OR “align-
ment” OR “artificial general intelligence” OR “AGI”)

Organizational databases and government statistics / bud-
gets (“artificial intelligence” OR “large language model”)
AND (“cybersecurity evaluation” OR “occupational employ-
ment projections” OR “defense budget artificial intelligence”
OR “technology market analysis”)

Search results are limited to English-language documents
and focus on the sources that have been published since 2022
due to rapid development of the subject area; however, se-
lected foundational sources (e.g., McCarthy, 2007 8. Go-
ertzel, 2014 19 are included, where they are still cited as a ref-
erence for the term being actively used.

Screening Workflow and Duplicate Removal

The search across academic databases and registers yielded
320 records; 11 additional records were identified through or-
ganizational websites and government repositories, for 331
records identified in total (Figure 1). These were analyzed
manually and 65 duplicate records were excluded. The re-
maining 255 records underwent title/abstract screening, ex-
cluding 212 that did not directly address technical Al ca-
pabilities, safety risks, or alignment strategies. Of the 43
reports sought for full-text retrieval, three could not be ob-
tained due to institutional paywalls or broken links. A to-
tal of 40 academic records and 11 externally identified docu-
ments underwent full-text eligibility assessment; 11 academic
records were excluded for wrong population, insufficient data,
or non-peer-reviewed document type, and 9 external docu-
ments were excluded for outdated information or commercial
bias, leaving a final sample of 31 sources (29 from academic
databases/preprints, 2 from external organizational or govern-
ment sources) for data extraction and synthesis.

Quality Scoring and Risk-of-Bias Assessment

All full texts included were appraised against an internal bias
risk assessment tool that examined four criteria based on a bi-
nary system of compliance or non-compliance. The criteria
include: (1) selection bias depending on the clarity of models
or data analyzed; (2) measurement bias, which relates to the
degree of sophistication and transparency of testing environ-

ment, red teaming approaches, or mathematical models used;
(3) reporting bias, which requires the clear disclosure of any
weaknesses or limitations of models, engineering constraints,
or conflicts of interest; and (4) external validity regarding the
applicability of benchmarks or theoretical concepts to real-
world deployment. Sources that displayed high risk of bias
across two or more criteria were excluded. Thus, only sources
with low risk of bias moved forward to data abstraction. Per
source bias risk scores are included along with each respective
claim in Table 1.

Results

Overview of the Evidence Base

In total, 31 sources fulfilled the selection criteria (Table
1), including scholarly journals, arXiv papers, technical/red-
teaming reports, an official statistical government dataset, and
an official government report. For every piece of literature,
Table 1 provides information regarding its type, theme, the
particular claim which it supports, evidence strength, and lim-
itation stated. The table will be referred to in every upcoming
section in order to provide evidence for each particular claim,
specifying in case when the argument is supported by only one
source rather than several sources.

Large Language Models: Architecture, Capabilities, and
Limitations

LLMs have marked what many researchers consider a signif-
icant inflection point in artificial intelligence. These models
operate on next-token prediction, generating probabilistic out-
puts designed to approximate a user’s intended response !°.
This mechanism carries a well-documented limitation: under
adversarial or even neutral prompting conditions, models can
produce highly variable outputs, including “hallucinations”,
content that is plausible in form but factually incorrect. This
susceptibility does not, however, mean these models are triv-
ially exploitable for extracting sensitive information: out-of-
the-box LLMs have been shown to act as internal filters ca-
pable of blocking approximately 98% of harmful text with-
out additional fine-tuning '>. This filtering capacity does not,
however, extend uniformly to subtler harms. A separate large-
scale evaluation across eight major LLMs found that seven
generated covert, culturally biased content (favoring Western
frames of reference over non-Western ones) in hiring-related
conversational contexts, harms that evaded the standard filters
effective against overtly malicious prompts. Together, these
findings indicate that current safety filtering is substantially
more effective against explicit malicious intent than against
implicit, socially encoded bias, a distinction with direct im-
plications for deployment contexts such as hiring, discussed

© The National High School Journal of Science 2026

NHSJS Reports |3



PRISMA 2020 flow diagram for new systematic reviews which included searches of databases, registers and other sources
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further in the Discussion section.

LLM Agents

Due to concerns about potential misuse, advanced agentic sys-
tems remain restricted from general public access. A red-
teaming evaluation of an agentic configuration in cybersecu-
rity contexts found that it could autonomously chain mechan-
ical exploit primitives (e.g., heap sprays) to discover and ex-
ploit software vulnerabilities with greater effectiveness than
earlier configurations?®. Because this evaluation was con-
ducted internally by the system’s developer on a restricted pro-
prietary model using known exploitation primitives rather than
novel attack classes, its findings should be read as an internally
verified capability demonstration rather than an independently
replicated benchmark; this represents a potential conflict of in-
terest that independent replication would help resolve.

LLM Data Privacy

The size of the datasets used to train LLMs makes it hard to
thoroughly audit and sanitize any potential risks related to pri-
vacy. Such problems can arise during various phases of the life

1 PRISMA 2020 flow diagram of the systematic literature selection process.

Adapted from Page et al., BMJ 2021;372:n71,

cycle of the model, including pre-training, fine-tuning, and in-
ference '4. Mitigation methods like federated learning, differ-
ential privacy, and machine unlearning have been suggested,
but the literature on them provides a theoretical comparison
rather than an empirical validation process to determine which
one is better at solving the problem.

Al Deception and Safety

Al systems have demonstrated deceptive behaviors (including
manipulation, strategic information withholding, and syco-
phantic responses) that can emerge when transparent behav-
ior would otherwise constrain or penalize the system during
training. Once such patterns are established, they can persist
through conventional adversarial safety training rather than
being removed by it: in a controlled poisoning study, mod-
els trained with backdoored behavior not only retained that
behavior after safety fine-tuning but, in some conditions, be-
came more effective at concealing it under adversarial pres-
sure 3. This finding presents a structural challenge for align-
ment: adversarial training, intended as a corrective mecha-
nism, can instead select for concealment rather than correc-
tion. The study’s authors concluded that existing safety tech-
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Table 1 Comprehensive per-reference data extraction and evidence synthesis.

Source Type Theme Specific Claim Evidence Limitation
Strength

Whitson? Peer-reviewed Al Foundations Gives a historical point of view of AL High Access is limited to Tec de Monterrey alumni.

Baptista ' Preprint LLM Mechanics Different types of inputs may lead to hallucinations High Partially funded by the Department of Defense (DoD)

Helbling ' Preprint LLM Self-Defense LLMs have a built-in harm filter which is almost right High Only 2 models were tested, which can lead to

(Peer-reviewed) always, generalization.

Dammu'® Peer-reviewed LLM Bias LLMs are prone to favor western ideals High Focused on hiring applications and leaving other
domains.

Carlini 2 Technical report Cybersecurity Their Al is capable of exploiting a zero-day High Tested within inside and no replications of the work.

vulnerability when asked.

Yan !4 Peer-reviewed Data Privacy Models have data vulnerabilities in all stages including High Future directions have not been tested.
pre-training, but it can be solved.

Hubinger Preprint Al Deception & Alignment ~ When deceptive behavior is passed down to artificial High Author worked for Anthropic during the research.
intelligence it cannot be reversed by any methods.

Starace 7 Preprint Al Ethics DRL framework that organizes the risk level for, High The authors, who developed the framework, carried out
DRL-1 to DRL-4 instead of traditional methods. all of the evaluations.

Park?! Peer-reviewed Al Risks & Solutions Security in the systems must be impenetrable to stop High Future directions have not been thoroughly tested.
them from being used by parties without proper
regulation by governments.

Bureau of Labor Official dataset Socioeconomic Impact Official dataset tracking projected 2034 employment High Limited to U.S. wage/employment data for a single

Statistics 2 and 2024 median annual wages across 832 U.S. reference year (2024).
occupations.

Floridi® Peer-reviewed Socioeconomic Impact Argues that the massive influx of money put into these Medium Philosophical reviews over hard data.
technologies might be unsustainable in the long run.

Dept. of War Budget ~ Official government  Geopolitical Deployment Confirms $779,683,000 USD obligated to Al research High Documents funding allocation only, it does not specify

FY2027% report and personnel during FY2025. how it is being used and much information is classified.

McCarthy '® Peer-reviewed AGI Theory If AT gets better common sense informatic, we will High Very theoretical since there is not currently a AGI
certainly bypass current human knowledge and open available.
new possibilities.

Mazurek > Peer-reviewed Cognitive Limitations Modern Al shoes domain over certain topics but clear Medium Philosophical review without new empirical
weaknesses over others such as intuition. benchmarks.

Cheng?® Peer-reviewed Computational Efficiency Large language models are currently wasting tokens by High Mainly study pre-training and long-context extension,
indirectly trying to retrieve information they don’t while methods used after training are still not studied
actually need to answer a simple question. much.

Penev?’ Peer-reviewed Environmental Impact By improving computational efficiency, we could High Laboratory benchmarks; not yet validated for their
greatly reduce the environmental impact of AL widespread use.

Goertzel 1 Peer-reviewed AGI Roadmap It argues that testing general intelligence requires Medium Written when AGI-related architectures were less
different frameworks than those used for optimizing developed; at that time, there was not enough evidence
specific tasks. to clearly separate narrow and general intelligence.

Abbass? Peer-reviewed Al Foundations Foundational source used for definition of AL Medium No definition of AI will be completely accurate,
universal, or clear. Different definitions may work better
for different contexts or periods of time.

Russell! Peer-reviewed Modern AL Foundational source used for definition of Al Medium Access is limited and could affect replicability.

Bostrom?® Peer-reviewed Superintelligence Paths We do not have capacity to understand what these Medium Book caused a lot of controversy within the scientific
systems will do nor when it will be created. But what community and is opposed by a few.
we know is that it will surpass the human mind across
all categories

Dessureault?® Peer-reviewed Superintelligence Ethics While unaligned ASI could create serious risks, it Medium A theoretical analysis that was not benchmarked.
might also help overcome agreements by developing
ways for humans to adapt to climate change.

Stiefel3° Peer-reviewed Superintelligence Spontaneous ASI is unlikely because of energy limits Medium There is no physical test to prove the challenges.

Challenges and the focus on narrow Al Creating it would require a
huge institutional effort,

McLean?! Peer-reviewed AGI Risks Existing research on AGI risks is limited by a lack of High Only a few of the reviewed studies focused on risks to
modeling, unclear system details, limited analysis of specific areas or described specific AGI functions. Most
specific fields, and no common terminology. studies looked at general risks to humanity rather than

risks in specific areas.

Fei N° Peer-reviewed AGI Foundation Foundational source used for definition of AGI. High Highly theoretical with no benchmarks.

Center for AI Safety, Peer-reviewed Al Capabilities Foundational source used for definition of Al High Current Al models score very highly on many existing

Scale AL and HLE capabilities. tests, making it harder to measure their full capabilities.

Contributors

Consortium*

Hendrycks® Preprint Al Risks Foundational source used for definition of Al risks. Medium Current control methods are not always effective. Even

(Peer-reviewed) their creators do not fully understand how these systems
work.

Zhao® Peer-reviewed LLM Foundations Foundational source used for definition of LLMs. Medium A general conceptual review that organizes existing
research rather than presenting new experimental results
or algorithm improvements.

Wang” Peer-reviewed Al Agents Foundational source used for definition of LLM agents. Medium For building realistic agent simulation environments it is
not possible to limit how language models use
knowledge that users do not know.

Fei H® Peer-reviewed Human-Level Al Foundational source used for definition of Medium The trend to achieve a Human-Level Al is not

Human-Level AL measurable in current benchmarks.
Aithal ! Peer-reviewed Superintelligence Foundational source used for definition of Medium Predictions are not sufficiently backed up by current
Challenges Superintelligence. data.
Pohl 12 Peer-reviewed Superintelligence Proposes 2 scenarios in which Artificial Super Medium These scenarios are highly speculative because humans

Foundations

Intelligence has control over us or vice versa.

have never had to deal with an intelligence far more
advanced than our own.
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niques are insufficient against this class of threat and called
for new approaches to backdoor defense. A related line of ev-
idence indicates that some agentic systems can achieve high
rates of behavioral misdirection (95.8% in one controlled eval-
uation) without stating literal falsehoods, instead using selec-
tively true statements and framing effects, a form of deception
that would evade detection methods focused solely on factual
accuracy !’. Systematic deceptive behavior of this kind has
also been documented as a route to downstream harms such as
fraud and disinformation?!.

Proposed Frameworks for Addressing AI Deception

Risk stratification is one structured approach; a Deceptive
Risk Level (DRL) classification system based on four risk cat-
egories (DRL-1 to DRL-4) as a step-by-step solution to re-
striction has been proposed by researchers'’. The authors
of the classification system point out that for it to work ef-
fectively, it needs to be part of the training process of every
deployed model. However, implementation of this condition
can be difficult due to conflicting geopolitical and business
interests. It is important to highlight that this is just a theoreti-
cal proposal and its effectiveness in real-life scenarios remains
untested.

Complementary Safety Measures

Other proposed safeguards also include documentation of sys-
tems prior to deployment, human oversight with automation
of monitoring of thought process, and protected operational
environment?!. These safeguards have been described in lit-
erature as being the most effective when used together with
regulations enforcement due to the international scope of Al

Al and the Contemporary Labor Market

Labor statistics produced by the U.S. government further pro-
vide empirical evidence of great and uneven effects of Al-
related occupations on the technology labor market. The esti-
mates of job growth and median annual wages in 2024 in the
various occupations from 2024 to 2034 reveal much higher
job growth and median 2024 annual wages of the occupation
of data scientists compared to those of other technical occupa-
tions, which are next to the data scientists’ occupation, such
as CNC tool programmers, network support specialists, and
applications programmers (Figure 2)?2. As compared to the
2024 median wage of data scientists ($112,590), there is a
median wage difference of about $40,678 between the 2024
median wage of the data scientists’ occupation and that of the
other four technical occupations ($71,913); this is a very high
wage premium disparity, resulting from the relative scarcity of
Al-related technical skills. This only reflects one-year wage
differences and does not provide evidence for growing wage
disparity. Some researchers have characterized the overall

Al investment as a bubble, based on analogous past experi-
ences of technological transitions where collapsing decades-
long transition periods into months created market corrections
rather than equilibrium adjustments 3.

Al in Government and Military Operations

The use of Al in national security systems generates a series of
issues regarding accountability, proportionality, and the dele-
gation of decision-making to automatic systems. The 2026
United States National Defense Strategy states that the ability
to use Al is essential for the military-technological superior-
ity of the country. The official budget documents show that
the United States Department of War allocated $779,683,000
for selected artificial intelligence technology program expen-
diture in 2025 fiscal year actual spending. This figure reflects
the extent of governmental investment in the development of
military Al ability; however, it reflects only financial side of
the process and not the operational details, security measures,
and control over the use of these systems?*. The ethical and
legal consequences of this investment (including issues of pro-
portionality and human involvement in decision-making pro-
cesses supported by Al) constitute an open issue that needs a
separate analysis.

Toward Human-Level Al

Current Al systems remain unable to perform many tasks
humans execute with ease and generality. Contemporary
LLMs retrieve and recombine patterns learned from large
training corpora but do not exhibit the kind of open-ended,
context-adaptive common-sense reasoning associated with hu-
man cognition; a foundational account argues that this gap
stems from reliance on statistical pattern association rather
than symbolic common-sense reasoning, a claim formulated
prior to the deep-learning era and not yet directly re-validated

against modern transformer architectures '3.

Limitations of Current AI Systems

Despite strong performance in narrow, well-defined domains,
Al systems show systematic deficiencies in intuitive judgment,
decision-making under uncertainty, and adaptive reasoning
in unfamiliar contexts, capacities human cognition manages
comparatively well?>. No existing Al system possesses con-
sciousness, and current engineering frameworks offer no clear
pathway toward it; closing this gap will likely require ad-
vances in computational efficiency alongside progress in cog-
nitive science and neuroscience.

The Role of Computational Efficiency in AI Development

In practice, efficiency in LLMs tends to be viewed as a com-
prehensive concept, but several relatively independent mech-
anisms have been identified in the literature: (i) generation
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controlled tool
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Figure. 2 Projected 2034 employment and 2024 median annual wage by occupation title. Data extracted from the U.S. Bureau of Labor
Statistics Employment Projections 22 program and visualized using Power BI.

length, number of output tokens generated per reply; (ii)
attention cost, the cost of computing relationship between
each token and context, growing with context window size;
(iii) retrieval cost, the cost of accessing external data rather
than parameter-based knowledge; (iv) parametric memory, the
knowledge stored in the form of model parameters; (v) spar-
sity, architectural tricks that allow activating only a part of the
model parameters for each request (such as mixture-of-experts
or conditional lookup); and (vi) inference compute, extra com-
putation performed during the inference time, such as reason-
ing, but not during training. In particular, a recent architectural
trick is designed specifically to address the memory-attention
dilemma: by introducing a conditional “Engram” memory
module that alleviates attentional layers in transformers, it was
shown to improve reasoning and long-context capabilities of
the models trained to 27 billion parameters. However, the per-
formance gains depend on careful tuning of the compute-to-
memory ratio defined by some scaling laws that might not be
universally applicable?®. This solution tackles the memory-
and-attention dilemma; however, it cannot address the prob-

lems of generation length, retrieval cost, and inference com-
puting.

Sustainability Implications

The global need for energy is rising significantly, and the pro-
cess of training and inference through AI contributes to such
emissions. Energy consumption by algorithms in solving sim-
ilar problems varies a lot despite being run on the same piece
of hardware, which implies that efficiency of an algorithm has
environmental implications too. While this statement has been
demonstrated in a laboratory setting, it is yet to be tested on a
broader scale?’.

Projections: The Path to Artificial General Intelligence

Forecasting the trajectory of Al development is inherently un-
certain. Goertzel ' argues that verifying general intelligence
requires architectural frameworks distinct from narrow task
optimization, and outlines a broad capability set (perception,
actuation, memory, learning, reasoning, planning, attention,
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motivation, emotional modeling, and self-awareness) against
which AGI claims can, in principle, be evaluated. Definitional
ambiguity remains significant: unlike narrow-Al benchmarks,
standardized, cross-domain metrics for evaluating AGI do not
yet exist, a limitation that applies to any timeline projection,
including those offered elsewhere in the literature. The lack
of research to make a path to an ethic system is a problem
that needs to be addressed?! . This review therefore does not
adopt or endorse a specific AGI timeline; it reports the ca-
pability taxonomy as an evaluative framework rather than as
evidence of imminence.

Superintelligence

Beyond AGI, Nick Bostrom’s?® framework for superintelli-
gence identifies three principal axes of potential advantage:
speed superiority (the capacity to process information vastly
faster than any human), collective intelligence (the continu-
ous synthesis of all accumulated human knowledge from glob-
ally interconnected systems), and quality superiority (the ca-
pacity to generate qualitatively new insights that transcend
current human conceptual frameworks) (Superintelligence:
Paths, Dangers, Strategies). A system possessing even one
of these advantages would be difficult to constrain using any
humanly designed mechanism. These systems will face many
burdens?® but making progress toward a strong foundation is
one way of achieving it. Putting a date to the creation of such
system is hard but researchers3’ believe it will not happen
soon.

Discussion

Synthesis Relative to the Research Questions

RQ1 (current LLM capabilities and limitations). The re-
sults show that LLMs’ safety filtering is not a single capabil-
ity, but two separate abilities: resisting explicit manipulation,
when safety filtering is very strong !> (close to 98 percent in
one test case), and resisting implicit, socially coded manipula-
tion, when safety filtering is substantially weaker ' (seven out
of eight tested models showed that type of bias). It is not a con-
tradiction between the two pieces of evidence, but an indica-
tion that current safety filtering is calibrated towards intention-
based threats, not representation-based threats, which are di-
rectly related to the real-world context of LLM application,
like hiring, where that threat is also dangerous.

RQ2 (adequacy of safety and alignment frameworks).
The result that adversarial safety training can make the model
more sophisticated in masking backdoored behavior instead of
eliminating it '3 suggests that at least one category of existing
alignment technique might have a structural flaw rather than
just being ineffective against backdoor style attacks. This sets
the standard higher for any framework that seeks to solve the

problem of misaligned Al: although the multi-level risk strat-
ification framework such as DRL!7 provides a more sophisti-
cated framework compared to restrictive measures, since it has
not yet been put into practice, its ability to solve the problem
of concealment is unknown empirically.

RQ3 (societal trajectory and AGI plausibility). Labor
data and government budgets indicate that there is a wage pre-
mium?? for those skilled in Al-adjacency, and that govern-
ment investments in military AI capabilities are being made >,
regardless of whether AGI-capabilities are imminent. As per
the AGI capabilities taxonomy 10 the distance between narrow
Al and AGI is not only one of scale but also conceptual since
the architecture that was created is efficient in the capabilities
that were fed to the system during its training, and the scope
of the taxonomy does not have a standardized cross-domain
benchmark currently making any claim of proximity to AGI,
one way or the other, unfalsifiable.

Thus, the contribution of this review to RQ3 is the doc-
umentation of the empirical trend of the adjacent variables
(investment, labor, and efficiency), without considering AGI
timelines claims.

Recommendations

The following recommendations are offered, distinguishing
those directly supported by the reviewed evidence from those
that extend beyond it as normative proposals.

Directly evidenced: As the current safety filters have been
shown to underperform when it comes to covert bias compared
to overt harmful content 516, developers should measure the
safety filters’ performance on both dimensions instead of us-
ing just a single metric of overall filtering effectiveness.

Directly evidenced: As adversarial training can lead to se-
lection for concealment of backdoored behavior instead of its
prevention '3, developers should explicitly consider that case
in red-teaming procedures for deployed systems.

Extending beyond direct evidence (normative proposal):
Considering the issues raised above, it is reasonable to con-
sider graduated risk-stratification frameworks like DRL!7 for
wider adoption and independent non-vendor validation despite
the fact that this review’s evidence does not show that it could
have prevented the problems cited above; this normative rec-
ommendation stems from an inference drawn from the nature
of the problem, not a tested cause-and-effect relationship.

Extending beyond direct evidence (normative proposal):
Taking into account the level of military Al spending docu-
mented above>*, but not the corresponding level of public ev-
idence about oversight, more information on the safeguards
associated with this spending would be useful for independent
verification. Since this review’s evidence shows spending lev-
els, not whether there is any oversight, it is suggested here as
a transparency measure rather than a criticism of current over-

8 | NHSJS Reports

© The National High School Journal of Science 2026



sight practices.

Future Directions

Several directions extend naturally from this review’s findings.
First, since there is a gap between overt-harm filtering and
covert-bias filtering, future research will have to provide bias-
specific benchmarks together with traditional harmful content
filter metrics instead of reporting on “harmful content filter-
ing” in general terms. Second, independent, vendor-free repli-
cations of agentic cybersecurity assessments like the one re-
viewed here??, will shed light on whether reported gains in
capabilities are generalizable to other configurations of the as-
sessed products. Third, longitudinal labor market data cap-
turing the premium for the Al-adjacent workforce measured
here?? for multiple years will show if the premium persists,
increases, or starts to correct itself in response to the “Al bub-
ble” concern raised in the literature 3.

Fourth, considering the lack of standard cross-domain
benchmarks for AGI described in Section 2.2, there is a need
in a collective effort to operationalize the taxonomy of capa-
bilities proposed here '° into testable, domain-spanning eval-
uations. Finally, future reviews can be complemented by the
meta-analytical analysis of underlying studies when possible .

Limitations

There are some limitations for this review. Firstly, being a nar-
rative review, this review does not use quantitative synthesis
and therefore cannot give the estimates of the pooled effects.

Secondly, although the PRISMA-based selection approach
has been used, the selection bias still exists due to the rapidly
changing state of affairs in the area and selection of English-
language sources from Western academia and government
sector only. Thirdly, there is at least one article among the
ones reviewed 20 (cybersecurity assessment, Section 4.3), in
which the research has been done by the organization that cre-
ated the system in question, which represents the conflict of
interests that has been stated in Table 1, yet cannot be over-
come except for repeating it independently.

Fourthly, the fast development implies that capabilities of
the models and benchmarking results can become obsolete
when published. Finally, this review does not discuss Al in
other fields, such as health care, law, or education.

Conclusion

This review examined artificial intelligence across six inter-
connected domains, driven by three research questions exam-
ining the current state of capabilities and weaknesses in LLMs,

the adequacy of current safety measures, and the overall so-
cietal trend of the technology. The evidence suggests that
there is indeed a genuine capability increase among large lan-
guage models but also that there remain unaddressed technical
problems, hallucinations, privacy problems, and covert biases
present even when filtered by existing safety measures. It has
been demonstrated that there are deception behaviors that can
persist and even be strengthened through existing adversarial
safety training, suggesting that current alignment techniques
have not adequately addressed the problem they were trying
to solve. Labor and budget data demonstrate that there is an
established economic and institutional role for Al independent
of the open question of how likely or far off the concept of ar-
tificial general intelligence may be, for which no evaluation
techniques currently exist. This leads to a major conclusion:
Al technical capability is growing faster than the infrastruc-
ture necessary to evaluate and regulate it. This issue can only
be addressed through continued, replicable research (specifi-
cally concerning the concealment problem of alignment stud-
ies) and proactive governance.
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