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SOFTWARE DEVELOPMENT EFFORT ESTIMATION MODEL
BASED ON PRE-TRAINED ZERO-SHOT MODELS

Project management of software development involves planning, execution, and control of work to ensure adherence to budget and
deadlines. The subject of the study is effort estimation, which is one of the most critical tasks — it allows managers to minimize risks
and optimally allocate resources. With the emergence of artificial intelligence (Al) and the continuation of digital transformation, the
application of natural language processing (NLP) methods and large language models (LLM) has become crucial. These tools can
analyze textual requirements and user stories to predict the necessary effort. They enable semantic structuring of complex textual
requirements and improve estimation accuracy. Using zero-shot models eliminates the need for additional training on target data,
saving resources and ensuring greater adaptability. The goal of this work is to develop a model for effort estimation based on software
requirements presented in various forms. This is achieved through the following tasks: to develop an effort estimation model for
software development based on modern pre-trained zero-shot models, and to conduct an experimental study to evaluate the accuracy
of the proposed models. The study used a public dataset and Al models with varying architectures, training methods, and licensing
terms. The model evaluation was performed using metrics of mean absolute error, mean relative error, and root mean square
deviation. As a result, an effort estimation model for software development was built, which in the experiment showed that the
accuracy of effort prediction largely depends on the nature of the dataset and the style of formulating user stories. Compared to
generalized models from previous studies, training project-specific models significantly increases prediction accuracy. The proposed
effort estimation model based on zero-shot vectorization effectively automates the evaluation of user stories, facilitating resource
planning at various stages of the software development lifecycle. The obtained results open the door to the flexible, scalable
application of NLP based on large language models in software development project management.

Keywords: project management; software development; effort estimation; artificial intelligence; large language models;
text embedding.

1. Introduction a driving force, as it takes on routine tasks and increases

efficiency, while allowing project managers to focus

Software development project management involves
the systematic planning, execution, and control of
software development activities to ensure the delivery of
high-quality products within budget and on schedule.
Quantifying the resources and time required to complete
a project is one of the core processes in project
management. Project managers need accurate estimates
to plan their activities, minimize risks, and achieve
desired outcomes. An inaccurate estimate can lead
to project failure, so this critical process must be
approached with care.

Project management theory has evolved in various
directions. These include significant engineering
achievements and the use of advanced technologies.
Project management can be described as the strategic
application of knowledge, combined with the experience,
tools, and methods necessary to achieve desired goals
by managing various resources and risks along the
path of plan execution [1]. The rapid digital revolution,
which was partly driven by the 2020 pandemic crisis, has
led to radical changes in project management practices.
The widespread use of artificial intelligence (Al) is now

on the strategic aspects of management. The integration
of Al into project operations is taking place across
all critical functions, such as resource planning and
risk management, as well as team communication.
This is prompting project managers to explore new
opportunities for using Al in the workplace [2].

Artificial intelligence is generally defined as the
simulation by machine systems of human intellectual
processes, including the abilities to learn, think logically,
make  decisions, and solve problems [3-4].
It encompasses highly specialized applications designed
for specific functions, as well as general-purpose systems
capable of performing any intellectual tasks that a human
can perform [5-6]. These systems have a significant
impact on software development project management,
particularly in the area of estimating development effort.

Despite noticeable progress in the development of
project management across various areas, the issue of
effort estimations during software development remains
challenging. At its core, it determines the success of
a project, as deadlines, budget allocation, and the
consistency of the final product’s quality depend on the

© Ivan Kushnir, Valentyna Kyrii, 2026

This is an Open Access article under the CC BY-NC-SA 4.0 license https://creativecommons.org/licenses/by-nc-sa/4.0/deed.uk



https://creativecommons.org/licenses/by-nc-sa/4.0/deed.uk
https://doi.org/10.30837/0135-1710.2026.189.196

Asmomamuzoeani cucmemu ynpaeninua ma npunaou agmomamuxu. 2026. Ne 2 (189)

Management Information System and Devices. 2026. No. 2 (189)

accuracy of these estimates [7-8]. From a practical
standpoint, it can be agreed that traditional methods
of preliminary labor cost estimation boil down, for the
most part, to three approaches: expert estimates,
algorithmic models, and methods based on the analysis
of historical data.

The latter group includes, in particular, the analogy-

based estimation method, which uses information
about completed projects to forecast future labor
requirements [9, 10]. The adoption of agile

methodologies, with their iterative nature and user-story-
oriented structure, creates additional challenges for
applying traditional estimation paradigms, shifting
the focus to the analysis of individual tasks rather than
the project as a holistic system [11]. Such dynamics
complicate the adaptation of the analogy-based
estimation method within agile project management
approaches, where the constant evolution of requirements
and informal, "noisy" textual specifications — particularly
user stories — cause significant difficulties [12]. Textual
requirements, which are characterized by domain
specificity, terminological ambiguity, and often combine
natural language with source code or quantitative metrics,
require the use of complex semantic processing methods
to identify relevant labor cost indicators [13].

The use of natural language processing (NLP)
methods in combination with Al allows for the
systematization of text processing. NLP effectively
identifies  key  concepts, establishes  semantic
relationships between them, and gradually transforms
unstructured descriptions into semantically coherent
representations [14, 15]. Word embedding models
are among the most widely used in addressing these
challenges. In such models, each word is converted
into a numerical vector generated based on large text
corpora, which allows for the consideration of hidden
semantic relationships between terms. This is precisely
what enables machine learning models to interpret the
content of specifications and accompanying textual
documentation more accurately [16]. It is also worth
noting the impact of large language models (LLMs) built
on transformer architectures and attention mechanisms.
Such models form contextual representations not only
of sentences but also of documents as a whole.
This improves the accuracy of extracting key ideas from
large text corpora, which is particularly important when
working with software requirements [17, 18].

The aim of this study is to develop a model for
estimating the effort required for software development

197

ISSN 3083-7715 (online)
ISSN 3083-7650 (0135-1710) (print)

using pre-trained LLM zero-shot models, based on
requirements presented in various forms.

2. Literature Review and Problem Statement

Estimating the effort required for software
development projects is a relevant area of scientific
research and a practical task.

In [19, 20], current trends in approaches to effort
estimations in software development projects were
analyzed. The authors highlight machine learning
and artificial intelligence methods as key trends
in data analysis and the construction of resource cost
prediction models. The paper highlighted the features
of natural language processing (NLP) models as
tools for analyzing textual requirements when
effort estimations.

The authors of [21] conducted a comprehensive
review of existing studies that use machine learning
methods to forecast labor costs in software development.
The paper highlighted the high effectiveness of such
models based on public and private datasets. However,
these models were largely based on algorithmic
approaches to estimation, which in turn require large
amounts of historical data and demonstrate low
effectiveness when working with textual requirements,
as noted in [19].

Studies [22, 25] examined the combination of NLP
and artificial intelligence methods for estimating
resource costs in software development projects.
The authors used the codebase as input data in
combination with classical estimation models, such as
COSMIC and COCOMO. Although the results
demonstrate significant effectiveness, it should be noted
that the codebase becomes available primarily in the
later stages of the development lifecycle, whereas
text-based requirements, as artifacts of the early phases,
allow for cost estimates to be obtained at earlier stages
of project planning.

In [11], a deep learning model is proposed
for predicting effort using story point estimates.
The described approach combines deep learning
algorithms for generating text embeddings with their
subsequent  integration into  prediction  models.
The authors note the significant potential of applying
machine learning methods to the analysis of textual
requirements. Among the key challenges, they
highlighted the search for and preparation of relevant
data for training models. It is this work that laid the
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foundation for a number of subsequent studies and
is often used as a benchmark.

Expanding on this analysis, the authors [13]
conducted a comparative analysis of various text
vectorization models, specifically the context-free
word2vec and the contextualized BERT models.
The contextualized models demonstrated better
results, providing higher accuracy in estimating
effort in story points. In addition, it was found that
the selection of model parameters can significantly
affect prediction results.

In the study [24], the FastText model was used for
text data vectorization followed by effort classification.
The authors treat estimation not as a regression task but
as a classification task, clustering the data and applying
semi-supervised noise filtering.  Afterward, text
requirements are transformed into vectors using FastText,
and a classification layer is implemented to determine the
task complexity level (XS, S, M, L, XL). When using
experts for data cleaning, this solution demonstrates
good results; however, it does not account for other
approaches to text vectorization and is limited to a fixed
number of classes, which is a drawback compared
to other prediction models.

In [25], the application of pre-trained FastText,
GPT-2, and SBERT models in combination with machine
learning algorithms, specifically Random Forest and
Support Vector Machine (SVM) methods, is analyzed.
This work compiles and analyzes existing state-of-the-art
models [11, 13, 26]. The authors once again confirmed
the high effectiveness of combining modern text
vectorization methods with classical machine learning
algorithms and developed a model that performs on par
with existing ones and even shows better results in some
metrics. However, the authors remain focused on using
pre-trained models primarily on domain-specific datasets,
which limits their scope of application compared to zero-
shot models. They also do not consider models capable of
processing queries submitted in other formats, such as
graphical, multimedia, or formalized.

Thus, thanks to existing research, a set of models
has already been established [11, 13, 25, 26] that can
serve as a benchmark for future work. At the same time,
it should be emphasized that these works leave
a significant gap in the systematic evaluation of various
pre-trained zero-shot vectorization models. They are
mostly focused either on large, finely tuned models or
on classical vectorization methods without zero-shot
properties. However, the use of zero-shot models can
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facilitate the widespread adoption of effort estimation
models built on their basis, as these models will not be
domain-dependent. Also, most modern works consider
only textual representations of requirements when
forecasting the required resource volumes, whereas
software development projects are not limited in their
choice of how to represent requirements.

3. Research objectives and tasks

The objective of this work is to develop a model for
effort estimations based on software requirements
presented in various forms. This will allow for the
effective estimation of human resource costs for software
development at various stages of the project lifecycle.

To achieve this goal, the following objectives
were formulated:

— to develop a model for effort estimations
for software development based on modern pre-trained
zero-shot models;

— conduct an experimental study to evaluate the
accuracy of the proposed model, implemented using
various pre-trained zero-shot models, on public datasets.

4. Materials and methods

This work uses a set of text-based requirements
presented in [11, 13, 25]. This text dataset contains
descriptions of requirements in the form of user stories.
Labels corresponding to the development effort for each
story, measured in story points, are attached to this
dataset. It is important to note that all text requirements
in this corpus are presented in English.

The dataset was collected from large open-source
project management systems; it contains 23,313
requirements distributed across 16 projects, including
well-known projects such as Apache, Appcelerator,
DuraSpace, Atlassian, Moodle, Lsstcorp, Mulesoft,
Spring, and Talendforge.

Despite the challenges of accurately measuring the
actual labor costs required to implement requirements,
the authors of the dataset were able to estimate the time
taken to complete project phases based on changes
in requirement statuses. Specifically, effort was recorded
as the time interval from the "in progress" status to
the update to "resolved"”. In [11], statistical analysis using
Spearman’s and Pearson’s correlation tests demonstrated
a significant relationship between assigned story points
and actual recorded effort.
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To cover a wide range of architectural and
methodological trade-offs, seven competing text
vectorization models were selected, identified based
on recent large-scale comparative studies [27, 28].
These models differ in vector dimension, training
methods, and licensing terms, which allows us to
investigate the impact of these factors on the
effectiveness of solving applied tasks.

Let us consider the models in order of the dimension
of the resulting vector representations of text.

The group with the highest vector dimension
includes three models. The Gemini Embedding model
(gemini-embedding-001) from Google [29] generates
3,072-dimensional vectors and is built on the large
Gemini language model, demonstrating consistently high
results in multilingual and English-language benchmarks.
It was evaluated on the Massive Multilingual Text
Embedding Benchmark (MMTEB) [27], which covers
over 100 tasks in more than 250 languages, consistently
outperforming previous state-of-the-art solutions in
classification, similarity = measurement,  clustering,
ranking, and search. OpenAl’s text-embedding-3-large
model [30] also generates 3,072-dimensional vectors and
is the company’s most productive solution in the field
of text wvectorization, improving MIRACL scores
from 44.0% to 54.9% and MTEB scores from 62.3%
to 64.6% compared to the smaller text-embedding-
3-small  version. The reduced model generates
1,536-dimensional vectors — placing it at the lower end of
this group — and provides a more computationally
efficient and cost-effective option, while maintaining
performance at 44.0% on MIRACL and 62.3%
on MMTEB [27, 31].

The medium-dimensionality group consists of
two models with 1024-dimensional vectors. The Qwen3-
Embedding-0.6B model [32] is an open-source solution
built on the large language model of the Qwen3 family.
It combines scaled unsupervised pre-training with
supervised fine-tuning on data covering various domains
and languages. The model demonstrates high
performance on the multilingual MMTEB tests
and in code search tasks [27]. The multilingual-e5-large-
instruct model [33] was evaluated simultaneously;
it is an open-source, instruction-enhanced vectorization
model. It was trained on one billion multilingual
text pairs using a contrastive approach and further
fine-tuned on labeled datasets. The E5-large-instruct
variant demonstrated results that match or exceed
those of proprietary models focused solely on
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English-language tasks. The two models with the
lowest dimensionality in our evaluation generate
768-dimensional  vectors. The gte-multilingual-base
model [34] is an open-source multilingual text encoder
optimized for long-context scenarios. It supports
processing long text contexts of up to 8,192 tokens while
maintaining high vectorization quality. Architecturally,
this model is based on a transformer with an encoder-only
architecture, which reduces the model size and ensures
significantly lower hardware requirements during
execution compared to models based on a decoder-only
architecture. This enables nearly a tenfold increase in
inference speed. The second model with 768-dimensional
vectors — Gecko (text-embedding-005) from Google [35]
—is a proprietary solution designed to achieve high search
accuracy with a compact vector representation.
It implements a new two-stage process for distilling
knowledge from large language models (LLMSs), which
uses a synthetic paired training dataset combined with the
selection and relabeling of text fragments.

Table 1. Models, their dimensions, and MTEB scores

Embedding size MTEBI[24]

gemini-embedding-001 3072 1
text-embedding-3-large 3072 17
text-embedding-3-small 1536 33
Qwen3-Embedding-0.6B 1024
multilingual-e5-large-instruct 1024 7
gte-multilingual-base 768 27
text-embedding-005 768 170

To estimate the labor costs of software

development, a feedforward neural network architecture
was selected, based on the recommendations and proven
effectiveness of similar models in [13].

A feedforward neural network is characterized by
a simple and straightforward organization of information
flows without feedback, which makes feedforward
networks effective tools for solving approximation,
classification, and regression problems. Such networks
can have two or more layers, as shown in Fig. 1. The first
layer is the input layer, and the last is the output layer.
The additional layers between the end layers are called
hidden layers, whose neurons are called hidden neurons.
These neurons act as intermediaries between the input
data coming from the external environment and the
network’s output. It is the number of hidden layers that
determines the degree of complexity of the function,
which reflects the relationship between the network’s
input and output vectors. In particular, a single-layer
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network describes first-order relationships, a two-layer
network describes second-order relationships, and so on.

Hidden layer 1 Hidden layer 2

Input layer
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Hidden layer k

Fig. 1. Architecture of a feedforward neural network

Structurally, the neurons in the input layer form
the elements of the input vector (N), which is fed
to the neurons of the next layer. This can be expressed
as a formula:

N, :zin:l'Wini +B;,
where n — dimension of the input layer, Iw; — the
weight matrix for the i -th input parameter and the j -th
neuron in the hidden layer, B, — the displacement vector
of the hidden layer's j -th neuron.

This input vector is then passed through
an activation function, producing an output vector
that serves as the input for the next layer. It is calculated
using the formula:

=1,

ij
where i — hidden layer number, j — the neuron number
in this layer and f — activation function.

The output signals from the neurons in this
hidden layer serve as input for the next layer, and
this process is repeated sequentially up to the
output (final) layer. The calculation of the output layer’s
values can be expressed as a formula:

;=20 HwH;

where m - the thickness of the last hidden layer,
Hw; — the weight matrix between the i-th neuron

of the hidden layer and the j -th output parameter.

Thus, the set of output signals from the neurons in
the final layer determines the network’s overall response
to the input signal generated by the neurons in the
input layer.

Model quality was evaluated using a combination of
three metrics: mean absolute error (MAE), root mean
square error (RMSE), and mean mean relative error
(MMRE), which are among the most popular and widely
used methods for evaluating models in this field [19].
MAE measures the mean absolute value of errors in the
same units as the target variable, allowing for an intuitive
assessment of typical deviations of predictions from
actual values. It is calculated using the formula:

1o
MAE = EZi:l

yi_yi"

RMSE amplifies the impact of large forecast errors
on the model’s overall accuracy by squaring the error
values. It is calculated using the formula:

1o 2
PMSE = ;Zizl(yi—yi) .

To assess relative accuracy, the MMRE metric was
used, which normalizes prediction errors by dividing
them by the actual values; this is particularly useful in
fields where project sizes vary widely, as relative errors
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provide a more meaningful assessment than absolute
errors. It is calculated using the formula:

yi_yi‘

1o
MMRE_HZH "
Two approaches were used to work with embedding
vector generation models. The first approach involved
running the models locally using the relevant Python
libraries, but this is only possible for publicly available
models. In the case of proprietary models developed
by Google and OpenAl, vectorization is implemented
via API calls to the respective services.

5. Research results

5.1. A model for estimating the labor costs
of software development based on modern
pre-trained zero-shot models
Let’s consider the general model for estimating the
efforts required for software development, shown in Fig. 2.
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The input data consists of software requirements,
which are documented and stored in a requirements
management system; this may be a subsystem of
a general project management system. The model’s
governing elements include domain standards, text
vectorization methods, and project management
methods. The model’s output is a numerical
representation of the labor costs required to develop
the specified requirements.

Let us note the model’s limitations. This model is
configured for a specific project or similar projects,
as the assessment of software development complexity
depends heavily on the team and the domain. Therefore,
the historical data used to train the model must come
from this project or a very similar one. The model
is designed to work with numerical estimates of the labor
costs for software development. If the development
complexity assessment uses other metrics, such as
the "T-shirt size" estimation method, it may not work.

Domain standards

Text
vectorization
methods

Project
management
methods

Functional
requirements

h 4

- . Effort estimation
The process of estimating software development effort based on

text requirements

Non-functional
requirements

Project
management
service

Requirements
management
service

Effort
estimation
service

Fig. 2. General model for estimating the efforts required for software development

Let’s examine the model’s operation in more detail
in Fig. 3. The input parameters, which represent
the requirements, can be represented as a tuple X :

X ={{FR}, {NFR}},

where FR — functional requirements, specific functions
that the software must perform; NFR — Non-functional
requirements describe system characteristics that are not
directly related to business functions; these may include
security, productivity, and other requirements.
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Fig. 3. Stages of estimating the efforts required for software development

In turn, the functional requirements can be presented
as follows:

FR = {{TXT},{MLT} {FRM}},

where TXT — requirements presented in text form;
MLT - visual requirements, which include mockups,
interface prototypes, and so on, FRM - structured
requirements presented in tabular form or as lists.

Non-functional requirements can be described
as a tuple:

NFR ={{QAS},{GRP}},
where QAS - quality attribute scenarios, a common

approach to the structured presentation of non-functional
requirements; GRP — The requirements are presented
in graphical form, including UML diagrams, block
diagrams, and more

The first step in the model is the normalization
process — it is necessary to prepare the data for use with
vectorization methods. There are vectorization methods
that can work with different types of input data, but it is
necessary to obtain a single vector from all available
requirements presented in various formats. Therefore,
it is at this step that we convert them to a text type and
combine them into a single continuous output text.

The normalization process can be represented
as a formula:

where x' — textual description of requirements; X — the

previously described set of requirements;

normalization function.

The normalization results are used as input for the
vectorization process, which converts textual information
into a vector of text embeddings that describes the
semantic meaning of the requirements.

This can be expressed as a formula:

V=g(x),
where input text description of requirements;
V - output numeric vector of text embeddings;
g - vectorization function.

’

X

The quality of the results from this step has the
greatest impact on the model’s performance. After all,
the semantic elements extracted from the text embeddings
are the key components of the model’s operation.

Once the features have been transformed into
a vector, we proceed to the prediction process, which can
be represented by the following formula:

y=h(V),
where V the result of the previous stage,
h - forecasting function, y — workload assessment

in story points.
For forecasting, we will use machine learning
models, specifically a multi-layer feedforward neural
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network. It can be represented as a tuple and expressed
by the following formulas:

{Nij’Hij’lij'V} ) Q)

Ny = ZEZI IwgHyg +y 2

Hy = F(N,) ®3)

Hip =V, @)

where N; — input values to the i-th neuron of the

j-th layer, H; — output values to the i -th neuron of the
j -th layer, w,;, — the weight coefficient of the connection

between the k -th neuron of the previous layer and the
i -th neuron of the j-th layer, V - the input layer
of a neural network, consisting of text embeddings,
n — the number of neurons in the previous layer.

To train the model, we will use the backpropagation
algorithm. A key component of this method is calculating
the model's error. It can be represented as follows:

E=C(v.9) ©)
where E - is a forecasting error, y — output model
value, § —is the expected value, C —loss function.

The first step in training the model is to use the
input vector as the input layer of the neural network and
perform a forward pass using equations (2) — (4).

Next, the error of the output layer is calculated using
the formula:

5= t(ny),
dH,,
where 6 — error, i — neuron number, J — output layer
number, C - loss function, f’' — the derivative of

the activation function.
The error is then calculated for each layer
(backpropagation) using the formula:

s {gagﬂxwgf} f(Ny),
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where j — layer number j=J-1...1, w - weight

coefficients of neural connections.

Next, the weight coefficients are updated using the
errors calculated at each layer of the neural network,
using the formula:

w, =w,_, —0(J),
where w, — updated weight coefficient value, w, , — the

value of this coefficient in the previous iteration,
0 - an optimization function that calculates the
bias based on the error calculated earlier.

These steps are performed at each iteration of the
model training, allowing us to obtain the weights of the
neural connections that best describe the relationship
between the input and output parameters.

5.2. An experimental study to evaluate the accuracy
of the proposed models on public datasets

We will conduct the experiment using data from the
dataset [11], which consists of textual representations of
requirements and includes a brief description of the user’s
history (title) and a detailed description (description). We
will begin by normalizing the textual requirements. This
process aims to reduce noise while preserving the
semantic context of the requirement descriptions. In
accordance with established practices [13], the cleaning
stage involves removing special symbols (quotation
marks, hashtags) and numerical values. Next, the entire
text is converted to lowercase for unification and to
facilitate tokenization. Additionally, stop words — tokens
and symbols that do not carry meaningful information
and typically arise from data exported from project
management systems — are removed. Using a specialized
stop list for this dataset helps filter out redundant or
repetitive tokens, improving signal quality for subsequent
vector representation and modeling. The list of special
symbols and stop words to be removed during
normalization is presented in Table 2.

Table 2. List of special symbols and stop words removed during normalization

0 1 2 3 4 5 6 7 8 9 0 ! «“ # % &
‘ ( ) * + , - ) / : ; < = > ? @
[ \ 1 " _ ) { } | ~ html {html}

<div> <p> <pre> <code> | |

After text normalization, the total number of tokens
was reduced by approximately 1.5 million and now
stands at 2.7 million, as calculated using the text-
embedding-3-large model (Fig. 4). At the same time,

the average number of tokens per unit of text was
reduced from 182 to 116.

After normalization, we proceed to convert the text
features into vector form so that this transformed data
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can be used in the next step. This process is performed
separately for each of the models mentioned earlier, and
each subsequent step is carried out in parallel for all
generated text embeddings. The dimension of the output
vectors depends on the models used.

Number of tokens

Original data Normalized data

5000000
4000000
3000000
2000000
1000000

]

Fig. 4. Number of tokens before and after normalization

Next, we need to train the neural network
responsible for forecasting. To do this, we must split the
data into training and test sets, which will help evaluate
the models’ performance. For this, we use K-fold cross-
validation. The number of folds was chosen dynamically
depending on the project size to balance the ratio
between the volume of training data and the reliability
of validation: for projects with 1,000 or more samples,
10 folds were used; for projects with 500 to 999 samples,
5 folds; for 300-499 samples, 3 folds; and for smaller
projects, 2 folds. This adaptive strategy ensures that each
validation set is sufficiently representative without
unduly reducing the training sample, thereby providing
reliable and objective evaluations of productivity even
with limited data. Results across all folds were averaged
to form a comprehensive assessment of each model’s
predictive capabilities.

We will use a feedforward neural network for
forecasting. The network consists of an input layer, the
size of which corresponds to the dimension of the vectors
resulting from the text transformation, followed by three
dense hidden layers with the ReLU function as the
activation function, and concludes with a linear
output layer that generates the labor cost estimate.
This architecture allows for a balance between
complexity and generalization ability, ensuring effective
modeling of nonlinear dependencies between text
representations of user stories and the amount of
labor required. Key hyperparameters were dynamically
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selected according to the characteristics of the dataset:
the size of the hidden layers was set to half the dimension
of the vectors, with a maximum limit of 512 neurons
to maintain an optimal model size. The batch size was
fixed at 32, and the Adam algorithm with standard
learning rate settings was used for optimization due to its
adaptability and success in training similar models.

To prevent overfitting and reduce unnecessary
training time, an early stopping mechanism was
implemented, which monitors the mean absolute error on
the validation set with a limit of 10 epochs. That is, if the
model’s quality does not improve over 10 iterations,
we will consider that the model has achieved the best
possible result in this configuration. These settings reflect
a practical yet effective approach, which was validated
in [18] and serves as a reliable foundation for model
creation in various software development projects.

Table 3. Description of the layers of the direct
expansion model

Layer Dimension
Input N (size of text embeddings)
Hidden 1 MIN(N/2, 512)
Hidden 2 MIN(N/2, 512)
Hidden 3 MIN(N/2, 512)
Output 1

Separate models were built for each software project
in the input data, since models for estimating effort based
on text data are typically project-specific and generally
do not generalize well across different projects.
This approach accounts for the natural variability in
project characteristics, requirements, and development
practices that influence the relationship between text-
based user stories and the corresponding effort.
By training and evaluating models for each project
separately, we aim to identify project-specific patterns
and improve the accuracy and relevance of predictions
within the unique context of each project.

As a result of training the prediction models, the
following quality metrics were obtained. The predictions
based on vector representations from the gemini-
embedding-001 model showed the lowest mean absolute
error. On average, the error is 2.7 story points (SP).
Thus, when estimating the effort required to develop
a feature using a 13SP model, the actual effort will
range from 10.3 to 15.7.
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Fig. 6. Average absolute error by projects

The following evaluation is measured using the root text-embedding-3-large takes its place with a score
mean square error, which is a more rigorous metric. of 4.66. This indicates that when evaluating more
Based on these error metrics, we can observe that gemini- complex requirements, which will result in a high SP
embedding-001 does not perform the best (4.69), while score, the error of the second model will be lower.

RMSE

gte-multilingual-base
text-embedding-005
Qwen3-Embedding-0.6B
multilingual-e5-large-instruct
text-embedding-3-small

text-embedding-3-large

gemini-embedding-001
4,50 4,55 4,60 4,65 4,70 4,75 4,80 4,85 4,90 4,95 5,00
Fig. 7. Root of the root mean square deviation
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Last but not least, let’s examine the average relative

error. Based on this metric, gemini-embedding-001 once

again takes first place. It shows us that, on average,

the estimation error is 0.64, or 64%. This relatively high
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figure may be due to the fact that the test data contains
a large number of requirements with relatively low expert
estimates of effort. About 70% of the records in the data
used have an estimate below 8 SP.

MMRE

gte-multilingual-base
text-embedding-005
Qwen3-Embedding-0.6B
multilingual-eS-large-instruct
text-embedding-3-small
text-embedding-3-large
gemini-embedding-001

0,60 0,62 0,64 0,66 0,68

Fig. 8. Mean relative error

6. Discussion of the results

The experiment revealed that forecasting accuracy
depends significantly on the characteristics of the dataset
and the style of user story documentation. For example,
the Talend ESB project showed the lowest error rates
(MAE ranging from 0.79 to 0.88), while Moodle had the
highest errors (MAE ranging from 9.73 to 10.37).

Based on averaged metrics across all projects for
each embedding model, gemini-embedding-001 and text-
embedding-3-large — the most advanced models from
Google and OpenAl, respectively — performed best.
These models generate the longest embedding vectors
among those considered, suggesting that higher
dimensionality is better able to capture the semantic
context of software development requirements, which
in turn directly impacts prediction accuracy.

0,70 0,72 0,74

When comparing results by MAE, the results are
quite closely clustered — ranging from 2.70 (best, Gemini)
to 2.88 (worst, gwen-06). Overall, across all error
metrics, the qwen-06 and gte-multilingual models
consistently ranked last. Given that they belong to models
with medium and short embedding vector lengths, one
might assume that this is the reason for their poor
performance. However, the use of text-embedding-005
contradicts this. While falling within the same range of
vector dimensions, it yields results similar to those of
models with longer vectors. This indicates a significant
influence of the training datasets, the training method
itself, and the architecture of these models. Next, we
should compare the obtained results with state-of-the-art
models [11, 13, 25, 26]. Since most studies evaluated the
quality of the built models using the MAE metric, we will
use this metric as well.

MAE

45

3,5
23
1,5
0,5

0

%)

(3]

—

Deep-SE [11] SE3M[13] GPT2SP [26]

SVN[25]  ZS-best 78-Avg

Fig. 9. MAE metrics for the developed model (ZS) and existing state-of-the-art models
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The diagram shows two metrics obtained from
the results of applying the developed model, namely the
best metric (ZS-best) and the average metric (ZS).
Overall, it can be noted that the use of modern zero-shot
models in combination with feedforward neural
networks yields good results compared to the metrics in
existing studies [11, 13, 25], which use pre-trained
models with fine-tuning on domain-specific data. In turn,
GPT2SP [26] remains the leader in evaluation accuracy,
and it is worth noting that such accuracy is achieved
by building upon and fine-tuning the existing
GPT2 model, which generally requires comparatively
greater effort than using ready-made, publicly available,
or proprietary zero-shot models.

7. Conclusions
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3. For further development of the model for
estimating effort based on software requirements,
it is worth considering the possibility of adding
a preprocessing step for different formats of requirement
specifications. This should help identify structural
elements that best reflect the complexity of implementing
user stories in the generated embedding vectors.
Another approach is to incorporate project-specific
information, such as long-term or short-term goals,
into the functionality requirements when generating
text embeddings, which could improve the quality
of the vectors for use in forecasting models.
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HA OCHOBI IIONNEPEJJTHbO HABUEHHX ZERO-SHOT-MOJIEJEN

VYupaBiaiHHS NPOEKTaMU CTBOpPEeHHs mporpamuoro 3abesnedenHs (I13) mepenbavae miaHyBaHHS, BUKOHAHHS Ta KOHTPOJb pOOIT
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210

ISSN 3083-7715 (online) Asmomamuzosani cucmemu ynpaeiinus ma npunaou aemomamuxu. 2026. Ne 2 (189)
ISSN 3083-7650 (0135-1710) (print) Management Information System and Devices. 2026. No. 2 (189)

i3 HallBaroMmimmX 3aBHaHb, OCKIIBKHA Ja€ 3MOTy KEpiBHHKAM MIHIMI3yBaTH pPH3UKH W ONTHUMAIBHO PO3IOIUINTH PECypCH.
3a mosBu mryuHoro iHtenekty (ILI) # mpomomkeHHS wmu(poBOi TpaHCHOpPMAILii KIOYOBOTO 3HAYCHHS HaOyBae 3aCTOCYBaHHS
MerofiB 0Opobnenns npupoanoi MoBu (NLP) i Benukux moBHux moneneir (LLM). Lli incTpyMeHTH 34aTHI aHani3yBaTH TEKCTOBI
BUMOTH ¥ KOPHCTYBALBKi iCTOPIi JJIsl IPOTHO3YBaHHS HEOOXIIHUX 3yCHib. BOHM 10MOMararoTh CEMaHTHYHO CTPYKTYPYBaTH CKJIAJIHI
TEKCTOBI BUMOTH # MOKpAIyBaTH TOYHICTh OLIHIOBaHHs. BukopucranHs zero-shot-moneneii He moTpeOye TOHABYaHHS Ha LITbOBHUX
JIaHHX, 110 €KOHOMHUTb PEeCypcH i 3abe3meduye BUCOKY afanTHBHICTE. MeTa f0caiaKeHHsI — PO3POOJICHHS MOZEINI JUIsl OLIIHFOBAHHS
TPYAOBUTPAT Ha OocHOBI BUMoOr 10 [I3, momanux y pizHux ¢opmax. Lle mocsraerbes 3a JOMOMOTOI0 TaKUX 3aBIaHb: PO3POOJICHHS
MOJielli  OLIHIOBaHHS TPYAOBUTpaT Ha CTBOpeHHs [I3 Ha OCHOBI CydYacHHMX TIONEpPEAHbO HaBYCHHX Zero-shot-moneneit;
eKCIIepUMEHTAJIbHE JOCTIPKSHHS IIPOLIeCy OIIHIOBaHHS TOYHOCTI 3alporoHOBaHMX Mopeneil. PesyasTatn. ¥V po6oTi 3acTocoBaHO
myOmiyanit HaOip manux 1 mogmemi LI, mo pi3HATBCS apXiTEKTYpOK, METOAaMH HaBUaHHSA ¥ JineH3iifHUMEH ymoBamu. Mogeri
OLIIHIOBAJIUCS 32 METPUKAaMH CepefHbOi aOCOITIOTHOI MOXUOKH, cepeqHbOI BITHOCHOI MOXHOKM W KOpEHsS CepeIHbOKBAAPATUYHOTO
BigxwieHHs. [100yoBaHO MOJieNb OLIHIOBAaHHS TPYAOBHUTpAT Ha po3pobienHs 13, ska B mpoleci eKCepruMeHTy POIeMOHCTPYBaJa,
IO TOYHICTH IPOTHO3YBAaHHS TPYJOBUTPAT 3HAYHOIO MIpOI0 3aJISKHThH BiJ XapakTepy HaOOpy HOaHUX 1 CTHIIO (OPMYITIOBaHHSI
KOpHUCTYBaLbKUX icTopiil. ITOpiBHSAHO 3 y3aralbHCHUMH MOJEISIMH IIONEPEIHIX NOCITIIKEHb TPEHYBaHHS MPOEKTHO-CIenU(idHUX
Mojiefiell 3HAa4yHO TiJBHUILYE TOYHICTH MPOTHO3iB. 3ampOIOHOBaHA MOJENb OI[IHIOBAHHS TPYIOBHTpAT Ha OCHOBi zero-shot-
BEKTOpH3aLil e(peKTHBHO aBTOMATU3Y€ OL[IHIOBaHHS KOPUCTYBAIbKUX ICTOPIi, MOJIETIIYI0UHN TJIaHYBaHHS PECypCiB Ha Pi3HHUX eTarax
JKUTTEBOTO IWKITy crBopeHHs I13. JlocsarHyTi pe3ynbTaTH BiIKPHBAIOTH MEPCIEKTHBH JUIi THYYKOro W MacmraboBaHOTO
3actocyBaHHs NLP Ha OCHOBI BEJIMKHX MOBHHX Mojeseil y cdepi ynpaBiiHHSI IPOEKTAMH PO3POOJICHHS IIPOrPaMHOr0 3a0e3MeYeHHS.

KurouoBi cj10Ba: ympaBiiHHS NMPOEKTaMH; PO3POOJICHHS MPOrpaMHOro 3abe3NedeHHs; OLIHIOBAaHHA TPYAOBUTpAT; LITYyYHHH
IHTEJICKT; BEJIUKI MOBHI MOJICITi; BEKTOPHU3AIlisl TCKCTY.

bBionioepaghiuni onucu / Bibliographic descriptions

Kymmnip 1. C., Kupiit B. B. Moaenbs omiHIOBaHHA TPYIOBUTpAT Ha PO3pOOJCHHS MPOTPaMHOro 3a0e3MEeUcHHsS Ha OCHOBI
MOIEPEIHBO HABUEHUX zero-Shot-mopeneit. Aemomamuszosani cucmemu ynpasninua ma npunaou asmomamuxu. 2026. Ne 2 (189).
C. 196-210. DOI: https://doi.org/10.30837/0135-1710.2026.189.196

Kushnir, 1., Kyrii, V. (2026), " Software development effort estimation model based on pre-trained zero-shot models”,
Management Information System and Devices, No. 2 (189), P. 196-210. DOI: https://doi.org/10.30837/0135-1710.2026.189.196



https://doi.org/10.30837/0135-1710.2026.189.196
https://doi.org/10.30837/0135-1710.2026.189.196

