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Abstract— The use of Artificial Intelligence (AI) has 

become an inseparable part of the software development 

process, parts of which are routine, requiring precision 

rather than creativity. AI code generation speeds up 

productivity by automatically completing code fragments 

and frees up time and brainpower to perform more tasks that 

require creativity or problem-solving. When writing code, 

the programmer uses not only the accumulated experience, 

but often also intuition, which helps him assess both the 

correctness of the code and the implications of its use. 

At the same time, AI uses different and increasingly 

sophisticated models and a thought chain resembling human 

thinking through modern approaches to Large Language 

Models (LLM) and Neural Networks. However, increasingly 

serious problems are emerging when using AI. 

The publication proposes a model of an AI algorithm with 

two functionally different cores: one creative and one 

process, including control functions. This model overcomes a 

large part of the identified shortcomings of AI and 

complements their development. The model is supplemented 

with quantitative metrics to determine the economic 

efficiency of its application. 

Keywords— Artificial Intelligence, Economic 

Effectiveness, Two core AI model 

I. INTRODUCTION 

AI becomes increasingly integral part of activities in 

software development companies. It spreads over vast 

activities in Software Development Life Cycle and 

automatizes activities like Project Management, Coding 

and Quality Assurance. Still efficiency of AI assisted or 

committed tasks is yet to be confirmed. 

II. LITERATURE REVIEW 

The broad academic discussion about the benefits of 
using Artificial Intelligence is extremely lively and has 
enjoyed the attention of researchers in recent years, 
especially after the widespread penetration of AI into work 

and personal life. Respectively, the use of AI in software 
development and work on software tasks is also an issue on 
which a multi-layered discourse is currently underway. 
Scientists are studying various aspects - in terms of 
efficiency and productivity, achieved level of quality and 
reliability, security and potential risk, interaction between 
humans and AI, management and decision-making, 
Algorithmic Management, purely economic dimensions of 
AI in software development, etc. 

In this context, the role of artificial intelligence extends 
beyond isolated applications and increasingly encompasses 
the full lifecycle of software development. Revuri, 
Sakthivel and Nagasubramanian [1] acknowledge that 
artificial intelligence is radically transforming software 
development, introducing a higher degree of automation, 
which in turn leads to increased productivity. The scholars 
argue that through applications such as automatic code 
generation, error detection and test creation, AI improves 
the efficiency and quality of development at all stages of 
the SDLC, while preserving the primary role of human 
creativity. 

This systemic integration of AI naturally leads to 
transformations not only in processes but also in the way 
software development activities are structured and 
executed. De La Cruz et al. [2] state that artificial 
intelligence is radically changing the way programmers 
work. The increasing and increasingly ubiquitous use of AI 
tools naturally requires the possession and development of 
new skills, instead of just focusing on writing code, as 
before. At the same time, scientists explicitly specify that 
these tools are not completely reliable and can lead to 
errors, so it remains important for a person to check and 
control the results. 

According to a study by Kumari et al. [3], artificial 
intelligence is integrated into all stages of software 
development, with the main advantages being that it 
automates routine activities and contributes to increasing 
productivity, quality, and speed of development. They see 
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AI as a major opportunity to increase the efficiency of 
modern software processes. 

Beyond general improvements in productivity and 
speed, more granular analyses focus on the specific 
mechanisms through which these effects are achieved. 
Adnyana and Schwung [4] comment that the application of 
generative AI models to the creation of program code leads 
to a significant reduction in the effort required for 
subsequent corrections and to an improvement in the 
quality of the results. In addition, it is highlighted that the 
way the instructions are formulated has a greater impact on 
the accuracy and reliability of the generated code than the 
choice of a specific model. 

Complementing these findings, other studies 
emphasize that the effectiveness of AI is not uniform, but 
contingent upon technological and organizational 
alignment. Banh, Holldack, and Strobel [5] argue that 
generative AI has the potential to increase productivity in 
software development. However, they emphasize that its 
successful implementation depends on the alignment of 
technological capabilities, organizational practices, and the 
way developers themselves work. 

This line of reasoning is further reinforced by 
comparative analyses of different types of AI solutions. 
According to Bañuls-Lapuerta et al. [6], the effectiveness 
of generative AI models in software creation varies 
significantly depending on the type of model used, with 
paid solutions demonstrating higher accuracy and less need 
for additional interactions. 

In addition to general development processes, AI 
demonstrates strong applicability in specific functional 
domains of software engineering. According to Czarnacka-
Chrobot [7], the application of artificial intelligence in the 
processes of measuring the functional size of software 
leads to a reduction in subjectivity and labour intensity, 
while improving the accuracy and reproducibility of 
estimates. This creates the real prerequisites for more 
reliable planning of the efforts, costs and duration of 
software projects. 

Similarly, the role of AI becomes particularly visible in 
higher-level decision-making processes within software 
development. Esposito et al. [8] claim that generative AI 
has a very good application in software architecture 
processes, especially in making architectural decisions and 
transforming requirements into code. However, they also 
note that there is currently a lack of established methods for 
evaluating the results, which limits the possibilities for 
objectively assessing its effectiveness. 

However, alongside these benefits, the integration of AI 
introduces a set of critical challenges related to security and 
reliability. According to Glas et al. [9], generative artificial 
intelligence increases the efficiency of software 
development, but at the same time creates significant 
security risks, mainly related to the unreliability of the 
generated code and excessive trust of developers. Scientists 
are of the opinion that its effective use requires a human-
centred approach that allows for the use of the 
technological capabilities of AI but retains human control 
and critical assessment. 

These concerns are further expanded in studies 
focusing on secure software development practices. Al-
Hashimi et al. [10] conclude that generative AI is 
increasingly being used in practice as a means of improving 
security in the development process, especially by 
detecting vulnerabilities and supporting secure 
programming. On the other hand, researchers also pay 
significant attention to the fact that its implementation 
creates new challenges related to reliability, ethical risks, 
and integration into existing processes. 

At a more advanced level, the discussion extends to the 
need for explainability and transparency in AI-driven 
systems. Basheer et al. [11] comment that modern 
approaches to vulnerability detection using artificial 
intelligence place emphasis not only on accuracy. The same 
importance should be paid also on explainability, 
reliability, and security of models. This leads to the 
conclusion that effective application of AI in software 
development requires a professional combination of high 
performance with transparency and control.  

Despite the increasing level of automation, the human 
factor remains central in determining the effectiveness of 
AI applications. In this line of consideration, it should be 
noted that a study by Shao and Ishengoma [12] shows that 
the use of generative artificial intelligence in software 
development depends largely on people – on their 
experience, attitudes and the influence of the environment 
around them. Furthermore, there are clear differences 
between the way students and professionals work with 
these tools, which in turn leads to the conclusion that the 
effects of AI are not the same for everyone. 

This observation aligns with comparative perspectives 
on human–AI collaboration. Ampatzoglou et al. [13] 
conduct a comparative analysis between AI-assisted and 
fully human solutions. They come to the idea that there is a 
clear distinction between the two approaches: AI 
significantly supports the process for more precise task 
execution, but on the other hand, human intervention 
remains indispensable in recognizing problems and making 
quality decisions. 

At the same time, the current stage of development of 
AI-based systems reveals a number of structural 
limitations. Giray [14] concludes that the development of 
machine learning-based systems is characterized by a high 
degree of complexity and non-determinism, with a lack of 
established engineering practices and tools in several areas. 
It is also found that despite growing interest, existing 
solutions are often at an early stage of development and 
have not been sufficiently validated in a real environment. 

From a broader organizational perspective, the 
application of AI extends beyond software development to 
encompass core business processes. Anguelov [15] takes a 
more conceptual approach to the use of AI in business 
organizations. According to the author, the application of 
artificial intelligence in enterprise resource management 
systems covers a wide range of organizational processes, 
including supply chain management, financial activities, 
and human resources. Therefore, it can be concluded that 
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AI is used as a tool for optimization and automation of 
various business functions. 

Within this evolving landscape, the question of how to 
evaluate the efficiency of AI-supported software 
development tasks becomes increasingly significant, 
particularly in the context of model-based and predictive 
approaches. In the development of AI-based models, the 
essential role of the indicators used is highlighted. 
According to Anguelov [16], their selection directly affects 
the accuracy of the results. In this logical sequence of 
reasoning, it can be assumed that in the assessment of the 
effectiveness of software tasks, the selection and 
structuring of indicators is decisive for the reliability of the 
predictive function of the model. 

The aforementioned studies clearly show that artificial 
intelligence can significantly increase the efficiency of 
software development. However, it should also be noted 
that its impact is mediated by technological, organizational 
and human factors. This necessitates the development of 
structured, indicator-based approaches to ensure the 
reliability of the predictive function of AI-powered models. 

III. AI SPECIFICS AND WEAKNESSES 

Machine Learning (ML) process has following group 
of activities: Model Requirements, Input data 
(collection/preparation/processing), Feature engineering, 
Model training and evaluation, Deployment and 
maintenance [17]. Input data and the phenomenon of data 
cascades show theirs’ elevating importance to AI efficiency 
[18]. It can also lead to inaccurate and biased results [19] 
or to spread in the model errors like so called silent failures 
[20]. Improving data quality should be done if possible 
before the data is inserted into AI model. Furthermore, 
internal mechanism for data correction should be available, 
which for AI based on Neural Network (NN) system is a 
process called backpropagation. 

There are many scientific articles which point to the 
central role of learning algorithms in AI systems. Few 
authors [21], [22], [23] point out in different ways 
importance of learning algorithm to AI. Core of learning 
methodology and algorithms lies in different theories, most 
of them focused on the ability of the model to predict 
accurate as possible results and optimization of that 
process. Empirical risk minimization [24] or Bias-Variance 
Tradeoff [25] are even more directly aimed on that. There 
are additional optimization theories like Convex 
Optimization Optimality [26], [27], which address optimal 
(shortest) paths for dynamic programming. Reinforcement 
Learning and Bayes Optimality (Probabilistic Learning) 
offers decision rules under uncertain environment. 
Emphasis on all of them is to minimize errors and predict 
accurate as possible results. However, that process could 
slow down performance and does not consider efficiency. 
Successful implementation of learning algorithms depends 
on the supervision of learning process, which can be done 
via human interactions. This process is known as Human in 
the loop (HITL). HITL implementation in Reinforcement 
learning model brings valuable contribution. 

All these methods are essential to learning algorithm 
optimization and reducing the errors, but it does not 
consider how effective outputs are. We acknowledge that 
some tasks in software development are still handled more 
effectively by humans, for example: naming conventions 
and redefinition of variables, more high severity errors in 
the code uncomplete code documentation [28]. Y. Liu et al. 
[29] are pointing that it is “very unlikely” all AI generated 
code has been reviewed by human, and thus there could be 
unrevealed errors, including security vulnerabilities. 
Above authors’ analysis is discovering three types of 
violation done by AI assisted coding: Code smells, Runtime 
bugs and Security issues, with comparison results that AI 
assisted coding can reduce the time needed to fix 
maintenance issues and to generate simple and repetitive 
patterns. Committed field experiment also confirmed that 
for “easy and medium-level problems” AI enhances the 
performance of coding solutions compared to novice 
programmers’ output [30]. 

As one of the conclusions of challenges in front of AI 
assisted systems marked above, we see that sometimes it is 
more efficient to use human resources or to put humans in 
the loop instead of relaying on AI fully automated 
processes. If that interaction is unnecessary often it will 
decrease overall efficiency of AI implementation. In 
addition, drawbacks that put obstacles across successful AI 
implementation are:  

• Underestimated optimum properties in terms 
of economic efficiency 

• Possibility for peak loading and performance 
degrade 

 

IV. AI TWO CORE CONCEPT 

A. Description 

The AI two core concept encompasses first core 
conditionally named Creative, and second core named 
Operative. First core is dedicated to creative intensive tasks 
it is based on modern learning techniques. Second core has 
variable sets of rules and dictionaries, and it will maintain 
control functions as well. From another point of view 
Creative core can be seen as microprocessor maximum 
configuration, Operative – as minimal [31]. Based on 
stochastic and classical learning model Operative core 
maintains stable sets of proven solutions, optionally some 
of them marked with calculated economic efficiency 
coefficient (EEC) [32]. Creative core is designed to pass all 
prompts to Operative Core. If results are already available 
there Operative Core will return them back together with 
optionally calculated EEC, and it will do validation 
operations to avoid violations (code review for example). 

Every user prompt goes to Creative core that 
automatically passes it to Operative Core which holds 
previous results and EEC [33]. It also monitors learning 
and processing operations in Creative Core, and if its 
resources are fully loaded or prompts are repeating, it 
triggers automatically human interventions. Operative core 
has the duty to avoid repeating answers or hallucinations 
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possibly done by Creative Core and automatically 
supervise its answers, and vice versa – Creative Core 
validates all results generated by Operative core. If there is 
a conflict, orchestrator triggers HITL interventions. 
Operative core also stores the data about previously 
executed tasks marked as effective economically with their 
respective EEC [34]. 

General diagram of the concept is presented on “Fig. 1” 
and descriptions of some characteristics are noted in “Table 
1”. 

 

 

Fig. 1. Two core concept diagram 

Sometimes learning and prediction could tend to use 
enormous learning steps, with very large number of passes. 
Learning algorithms could also tend to be unvaluable from 
economic perspective. To avoid that, authors propose to 
use dynamically calculated dedicated bias coefficient 
incorporated in all learning algorithms - EEC. The role of 
EEC is to put conditions to pass or prevent upon AI 
decisions. It is designed to adjust boundaries of the decision 
just like regular bias coefficient, with the difference it will 
be dedicated only for the purpose and set as optional 
attribute. In other words, it is bias factor which will decide 
which task to be executed by AI and which by human. It 
can also serve to distribute work between two cores and to 
assign more resources to economically valuable user 
prompts. 

B. Use of EEC 

EEC is calculated for functions with low level of 
Conditional entropy (H(Y | x) -> min). Smallest 
independent unit of work done by AI should have its own 
economic coefficient c that is obtained from previous 
experience (or learning cycle). By independent unit we 
understand that all its elements or components have equal 
significance by each other. EEC is a sum of all economic 
coefficients (cn) managed for more complex tasks or 
project phases. It can be designed to be calculated by ML 
with HITL interactions. The values of c can be adjusted 
based on the nature of the task and/or previous knowledge 
and experience. 

𝑒𝑒𝑐 = 𝑐1 + 𝑐2 + ⋯ 𝑐𝑛 (1), 

where cn is indexed economic coefficient of smallest 

independent task 
EEC is integrated in learning algorithms, for example 

of backpropagation: 

𝑧 = 𝑤1𝑥1 + 𝑤2𝑥2 + ⋯ + 𝑤𝑛𝑥𝑛+𝑚𝑒𝑒𝑐 (2) 

 

𝑖𝑓 𝑧 > 𝑅 𝑡ℎ𝑒𝑛 𝑎 =  𝑓(𝑧) 𝑒𝑙𝑠𝑒 𝑛𝑢𝑙𝑙 𝑒𝑛𝑑 (3), 
 

where z – computational unit; x – inputs, w – weights, 
a, f(z) – activation function, R – reference value, meec – 
normalized value of eec. 

Normalization rules need to be defined later, but as 
general guideline authors propose weight of eec should be 
no more than 15% of value of backpropagation equation. 
Populated value of z is used only to compare with human 
defined boundaries and trigger or reject activation function. 
The more complex the task is, the more efficient will be the 
algorithm.  

Example: we have AI assisted development task A 
consisted of two subtasks A1 (generate drop-down menu in 
UI) with c = 5 and A2 (button with submit action) with c = 
7. Coefficients are calculated based on previous experience 
and c is ranked [1..10], 1 - means very ineffective and needs 
a consideration to be done solely by human, 10 - means 
perfectly executed by AI. The assessment is done entirely 
from economic point of view. EEC for task A is calculated 
as average value of A1 and A2 (equal significance). EEC 
= 6.5. This value is added into backpropagation after 
normalization. We know from previous experience that z 
minus eec is 60. We set R for A task at level 70. That means 
activation function will not be triggered, and we change x 
inputs and their respective w in order to achieve economic 
efficiency and trigger activation function. During the time 
x and w can be changed, eec will remain the same unless 
specific input for it is provided by humans or dedicated 
learning algorithm. In other case z can become “economic 
ineffective” and inputs needs to be changed anyway (for 
example do not ask AI to create button with specific 
action). 

Activation function is enabled only if neuron value is 
above parametrized boundary values stored in Operative 
core. 

 

TABLE 1 CONCEPT MAIN ELEMENTS OVERVIEW 

Two Core 

Model Purpose 
Learning 

Methods 

Expected 

output 

Data 

source 

Human 

Supervi

sed 

Creative 

Core 

Handle all 

creative tasks, 

continuous 
learning with 

human 

supervised 

Deep Learning 
and Neural 

Network 

models 

Supervised fine-

tuning; 

Reinforced 
Learning from 

Human 

Feedback; 

Preference 
Optimization; 

Diversity-aware 

preference; 
Generative 

Adversarial 

Networks 

Creative, out 

of the box 

solutions; 
complex 

tasks 

solution; 

code new 
features 

Live 

data, 

Human 
labelled 

data, 

adaptive 

data 
modifica

tion 

Yes, 

during 

learning 
process 

Operational 

Core 

Handle all 
repeating 

complex or all 

simple tasks, 
integrated 

Linear 
Regression or 

Classification; 

Support Vector 
Machine (SVM); 

Check and 
validate 

code, 

monitor and 
distribute 

Verified 
results 

from 

Creative 
Core; 

No, only 
paramete

rs 

modifica
tion 
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Two Core 

Model Purpose 
Learning 

Methods 

Expected 

output 

Data 

source 

Human 

Supervi

sed 

supervisory 
controls, KPIs, 

AI agents for 

task 
distribution, 

calculating R 

Kernel SVM; k-
Nearest 

neighbor; 

Decision Tree 

tasks 
between 

teams, 

Compute 
control 

samples 

stores all 
data 

about 

definitio
ns and 

variables 

 

C. Advantages of the concept 

• Enable secure validation of AI output: one core 
can be more open to getting large and complex data with 
state of art algorithms thus more exposed to external 
threats, while second one can be more encapsulated which 
will directly control output of the first core and in case of 
colliding or conflicting results to trigger human in the loop 
interventions. As an example, AI tend more to hard code 
API passwords which can be fixed directly during code 
generation by operational core. 

• Ensure monitoring of economic effectiveness: 
real-time direct supervision of results and controlling. 

• Distribute work in efficient and programable way: 
tasks are passing through creative core, which is handling 
only complex and generative ideas, the rest like daily work 
distribution are passed to Operative core. 

• Reduce human supervision and promote it as final 
control point: it provides substitution for some of human 
supervised learning tasks. 

V. CONCLUSION 

AI systems create opportunities to increase the 
performance and reduce the cost of all type of tasks, but the 
successful implementation requires strategic and focused 
approach. Close monitoring, embedded controls and 
specific value-driven metrics are crucial. Proposed concept 
tries to address those issues, though it requires per case 
adaptation and empirical validation. It provides different 
view of distributed resources aimed to promote AI self-
supervision along with economic metrics incorporated into 
AI learning logic.  
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