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ENSURING THE OBJECTIVITY 

OF THE TECHNOLOGY FOR 

FORECASTING BUSINESS PROCESS 

INDICATORS IN THE FIELD OF 

E-COMMERCE

The object of research is the technology of forecasting business process indicators in the field of e-commerce. These technologies were 
investigated to identify ways to increase their objectivity.

In the process of research, an analysis of input data was performed, time horizons were determined and expected results were 
formulated. Data normalization was carried out using the minmax method, anomaly detection was based on the standard deviation 
criterion. The choice of the forecasting method included the use of factual, expert and combined methods. Data processing was performed 
using the K-means and DBSCAN algorithms. Forecast formation was carried out using retrospective methods with the adjustment of 
indicators and activation functions. Monitoring and adjustment of forecasts was implemented through the MAPE, RMSE, MAE metrics 
and error analysis. The accuracy of forecasts was assessed by comparing methods by metrics in different scenarios, which ensured the 
adaptability of the model to a changing business environment. The proposed approaches integrate modern digital tools: big data analysis, 
automation of forecasting methods, anomaly processing, scenario approach and neural networks.

The objectivity of the technology for forecasting business process indicators in the field of e-commerce ensures increased forecast 
accuracy, adaptability to a changing market environment, and expands the possibilities for making strategic management decisions. 
This contributes to increasing the competitiveness of enterprises, their ability to quickly respond to changes in the market situation and 
improve management processes.

Due to increased objectivity of forecasting, enterprises can quickly respond to market changes and optimize resource use. The inte-
gration of modern data processing tools and multifactor metrics guarantees the accuracy of forecasts and takes into account complex 
relationships.

This creates a basis for strategic planning, ensures sustainable development of enterprises in the digital economy and allows for increased 
management efficiency in a dynamic market. The results of the study demonstrate that the adjusted technology for forecasting business 
process indicators in the field of e-commerce contributes to making informed management decisions focused on long-term effectiveness.

Keywords: forecasting, e-commerce, integration of results, business management, anomaly detection, neural networks, decision 
optimization.
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1. Introduction

The modern business environment is characterized by high dyna-
mism, which necessitates the need for accurate forecasting of business 
processes. E-commerce, as one of the fastest growing areas, requires 
the use of innovative approaches to analysis and forecasting. Accord-
ing to forecasts, in 2025 the number of online buyers in the world will 
increase to 2.77 billion, which indicates the further development of 
e-commerce and the convenience of online shopping [1]. In Ukraine, 
the e-commerce market is also showing significant growth. Before the 
start of the full-scale war, the market volume increased annually, reach-
ing 3.14 billion USD in 2021. Although in 2022 the market volume 
decreased to 300 million USD due to the war, in 2023 it recovered 
to 1.7 billion USD. In 2024, the volume of the e-commerce market in 

Ukraine exceeded 6 billion USD with an average annual growth rate 
of about 20 %, which indicates a rapid adaptation and recovery of the 
industry [2]. Traditional forecasting methods, focused on historical data 
and linear models, are increasingly becoming insufficiently effective in 
conditions of instability and complexity of markets. In addition, there is 
a problem of integrating large volumes of data of various types, such as 
macroeconomic indicators, financial indicators and digitalization indi-
ces, which complicates the formation of forecasts. Existing models often 
do not take into account anomalous events that can significantly affect 
the forecasting results. At the same time, promising methods, such as 
neural networks or combined algorithms, require significant computing 
resources and complex setup, which creates barriers to their implemen-
tation. The lack of a clear system for integrating forecasting results into 
business processes reduces the effectiveness of management decisions.  
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These problems require the development of new approaches to mod-
eling that would ensure the accuracy of forecasts, take into account 
anomalies, adapt to environmental changes and could be integrated 
into real business scenarios. Thus, it is necessary to explore the pos-
sibilities of adjusting existing forecasting technologies, particularly in 
e-commerce, to increase their adaptability, accuracy, and compliance 
with modern requirements.

A critical analysis of the literature on business process forecast-
ing technologies in the e-commerce sector allows to identify key ap-
proaches, models and methods used to achieve this goal. Thus, an intel-
ligent business forecasting system based on the integration of statistical 
methods and artificial intelligence is an important basis for modern 
approaches, but requires adaptation to modern conditions and access 
to big data [3]. The way out of the situation is to use special forecasting 
software, which is formed taking into account the compliance of soft-
ware tools with business needs [4]. This approach is useful, but does not 
sufficiently cover the specifics of e-commerce. Another promising vector 
of research in this area is the use of time series to develop e-commerce 
market forecasting systems, which demonstrates their effectiveness in 
short-term forecasts, but limits the possibilities for long-term forecast-
ing [5]. In this context, considerable attention is paid to predicting cus-
tomer churn and retention strategies in the B2B e-commerce segment 
using support vector machines [6]. This approach has practical value, 
but needs to be adapted to other market segments. It has been proven 
that overcoming a number of problems related to forecasting in the 
field of e-commerce is possible based on the combined ARIMA model 
with Google Trends data [7]. This innovative idea shows high potential, 
but dependence on external data may limit its application. This problem 
can be overcome by using a long-short-term memory (LSTM) neural 
network to forecast demand in e-commerce, demonstrating high ac-
curacy. Despite this, this method requires significant computational 
resources [8]. A successful attempt to solve this problem is the develop-
ment of a deep neural network for forecasting sales in e-commerce, 
which is effective for large amounts of data, but requires high qualifica-
tions for implementation [9]. The XGBoost technology for forecasting 
sales in cross-border e-commerce is distinguished by its speed and 
accuracy, but its application may be limited by the complexity of opti-
mizing indicators [10]. Overcoming these and other limitations is im-
portant with the help of an intelligent approach to demand forecasting, 
based on the integration of various models [11]. This solution is quite 
promising, it demonstrates high potential, but requires a more detailed 
analysis of the results. The same applies to the use of machine learning 
to create a business forecasting system [12]. It has been proven that 
corporate business process management is important for integrating 
forecasting into the overall management system, but requires a more 
detailed coverage of e-commerce aspects [13], in particular, the impact 
of world events on e-commerce demand, taking into account anoma-
lous events, and dependence on contextual data [14]. These and other 
limitations can be significantly reduced by using the FB-Prophet model 
for sales forecasting, but current research indicates that this technology 
requires adaptation to changing market conditions [15], in particular, a 
deep analysis of demand in e-commerce, which emphasizes the impor-
tance of big data, but leaves open the issue of integration with existing 
systems [16]. Current aspects of forecasting are the identification of 
vectors and dynamics of customer service systems and mentoring ac-
tivities based on modeling, which is of high value for business process 
management [17–20]. With this in mind, a web-based ordering system 
with forecasting for startups has been developed, which demonstrates 
adaptability to small businesses [21]. In this context of research on fore-
casting models, it is appropriate to mention a demand forecasting sys-
tem based on big data models, which provides a high level of detail, but 
depends on the availability of quality data [22]. The role of complex sys-
tems in predictive analytics for innovations in e-commerce remains rel-
evant, expanding opportunities for strategic planning [23]. In general,  

the analysis shows that technologies for forecasting business process 
indicators in the e-commerce sector are developing rapidly. However, 
their implementation requires detailed adaptation to the specifics of 
e-commerce, data availability and resources.

The aim of research is to improve the technology for forecasting 
business process indicators in the e-commerce sector by formulating 
recommendations to increase its objectivity. To achieve this aim, a num-
ber of objectives were performed, namely:

– identification of stages of the technology for forecasting business 
process indicators in the e-commerce sector, taking into account 
trends in the digitalization of business processes;
– critical analysis and adjustment of the technology for forecasting 
business process indicators in the e-commerce sector, taking into ac-
count trends in the digitalization of business processes.

2. Materials and Methods

The research used a set of methods to perform key forecasting tasks 
in the field of e-commerce, which ensure the consistency, accuracy 
and practical feasibility of the results obtained. At the first stage, which 
consists in formalizing the forecasting goal, a functional structuring ap-
proach was used, which allows establishing relationships between input 
data, time horizon and expected results, which makes it possible to 
clearly define the logic of further analytical actions. At the stage of data 
collection and preliminary analysis, the minmax-normalization method 
was used to unify the scales of variables, which is especially important 
when using variables with different units of measurement, as well as the 
standard deviation criterion to detect anomalies, which allows clean-
ing the data from distortions that can distort the modeling results.

Two main methods were used to structure and analyze large vol-
umes of data at the processing stage. The K-means clustering method 
allows to group data by similar characteristics, identify hidden pat-
terns and prepare data for further analysis. The DBSCAN algorithm, 
in turn, is used to detect complex structures and at the same time to 
identify anomalies, which is critically important in the case of uneven 
data density or their non-standard nature. These approaches provide 
high-quality data preparation for modeling, increasing the reliability 
of forecasts.

In the process of forecasting, retrospective and prospective meth-
ods are used. Among retrospective methods, a key role is played by 
time series analysis, which allows building basic forecasts based on 
historical dynamics, taking into account trends, seasonal and random 
components. For this purpose, the stages of series decomposition, coef-
ficient estimation and construction of a forecast equation are provided. 
A prospective method used in the text is neural networks, which allow 
modeling complex and nonlinear relationships between input data, 
ensuring high accuracy of forecasts even under conditions of multifac-
toriality and significant uncertainty. These methods implement differ-
ent approaches to forecasting depending on the complexity of the data 
and the business environment in which they are used.

To ensure the practical value of the obtained forecasts, optimiza-
tion models were used, in particular the linear programming problem, 
which allows, based on forecast data, to form the best option for re-
source allocation, taking into account the specified constraints. This 
approach allows developing justified decision-making scenarios and 
implementing forecasting results into real business processes.

In order to increase the accuracy of forecasting and adapt models to 
changing conditions, error estimation methods were used, in particular 
MAPE and RMSE. MAPE was used to determine the average relative 
error, which allows comparing models with each other regardless of 
the data scale, while RMSE is more sensitive to large deviations and is 
better suited for tasks where taking into account the accuracy of values 
is critically important. Both metrics provide a deep assessment of the 
effectiveness of models and contribute to their further adjustment.
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Therefore, the consistent application of normalization methods, 
anomaly detection, clustering, time series analysis, neural networks, 
linear programming, and accuracy assessment metrics allows to build a 
comprehensive forecasting system that takes into account the peculiari-
ties of the business environment, the complexity of input data, and the 
need to make effective management decisions.

3. Results and Discussion

3.1. Identification of stages of technology for forecasting busi-
ness process indicators in the e-commerce sector, taking into ac-
count trends in business process digitalization

Taking into account positions [1–23], stages of technology for 
forecasting enterprise financial management systems in the context of 
trends in business process digitalization in the e-commerce sector are 
proposed (Fig. 1).

Within the framework of this research, forecasting is understood 
not as the isolated use of a separate method or model, but as a holistic 
organizational and analytical system that covers all stages of data 
transformation for making management decisions. The term “fore-
casting technology” used covers a logically structured set of stages, 
tools and solutions that are implemented sequentially and interrelat-
edly. Unlike a method that answers the question “how” forecasting is 
carried out, or a model that formalizes the relationships between vari-
ables, technology describes the entire trajectory of the process: from 
goal formation, data collection and cleaning , to a reasoned choice of 
tools, forecast generation, its optimization interpretation and inte-
gration into the decision-making system. In confirmation of this, it is 
worth emphasizing that, in this case, it is not only about the forecast 
construction algorithm, but also about the sequence of operations that 
ensure its life cycle: big data processing , anomaly detection, cluster-
ing , selection of a forecast approach, scenario modeling , automated 
real-time model adjustment, multi-criteria assessment of forecast ac-
curacy and monitoring of their effectiveness. Such integration of tools 
into a process with a defined logic and relationships between stages 
corresponds to the essence of technology as an applied knowledge 
system that is implemented in a specific functional environment. A 
forecasting model or method is not a self-sufficient element, but is a 

component of technology as a functional scheme with a full life cycle, 
focused on practical implementation in business systems that require 
constant adaptation, scaling , and integration with other manage-
ment tools.

The sequence of stages of the technology allows enterprises to ef-
fectively adapt to digital transformations, integrate forecasts into their 
activities and make informed management decisions. Each of the se-
lected stages of the technology is considered in a formalized form.

Thus, when forming the prerequisites for data analysis and choos-
ing appropriate methods, the main thing is to choose the goal (M) of 
the forecast, which structures the forecasting process, determining the 
relationships between input data, time horizon and desired results.

It can be represented as a function:

M f X T E= ( ), , ,

where X – the input data, which is a fundamental com-
ponent of forecasting, since they determine the basis for 
analysis and modeling. X includes: historical financial in-
dicators (income, expenses, profit , cash flows, etc. They 
provide a retrospective view that is used to extrapolate 
trends or identify patterns); digitalization indices (level 
of automation, investments in digital technologies, data 
processing speed. These indicators are important for un-
derstanding the impact of digital changes on the financial 
activities of the enterprise); macroeconomic and industry 
indicators (exchange rates, lending rates, market price dy-
namics. They take into account the external environment 
in which the enterprise operates). The data must be suf-
ficiently accurate, representative and meet the purpose of 
the forecast;

T – time horizon, which determines the duration of the 
forecast and affects the choice of analysis methods: short-
term horizon (up to 1 year) is focused on solving operation-
al tasks, such as managing working capital, forecasting sales 
or cash flows. In this case, fast and accurate methods are 
used, for example, trend extrapolation or regression model-
ing; long-term horizon (over 1 year) is aimed at strategic 
planning, for example, assessing the effectiveness of invest-
ment projects or implementing digital solutions. Scenario 
analysis or neural networks are usually used here to take 
into account high uncertainty;

E – expected results that formulate the forecasting goal. They can 
be quantitative or qualitative depending on the task: quantitative results 
(forecasted amount of income, expenses or investments, reduction of 
digitalization costs, etc.); qualitative results (increased adaptability to 
market changes or reduction of risks through the implementation of 
digital technologies, etc.). A clear definition of expected results is critical 
for further assessment of the forecasting effectiveness.

Formalizing the goal through a function M f X T E= ( ), ,  allows to 
integrate all aspects of forecasting into a single structure. For example:

– if the input data (X) includes historical financial indicators, and the 
time horizon (T) is short-term, the expected results (E) can be pre-
sented in the form of improved working capital management;
– for a long-term horizon (T), where X includes digitalization in-
dices, the results (E) can be formulated as the projected growth in rev-
enues from digital investments in five years.
Thus, this stage sets the main vector for all subsequent steps of the 

algorithm, ensuring the consistency and compliance of the forecast 
with real business needs.

Data collection and preliminary analysis are accompanied by data 
collection and preliminary analysis, which is critically important for 
ensuring the correctness and reliability of the forecast, since the quality 
of the input data directly affects the modeling results. 

2. Data collection and preliminary
analysis 

3. Ensuring accuracy and relevance of
the forecast to the target 

4. Data processing

5. Forecasting

1. Formation of prerequisites for data
analysis and selection of appropriate

methods

6. Integration of results

7. Monitoring and adjusting forecasts

– Formation of initial data;
– Determination of the time horizon;
– Specification of expected results

– Data normalization;

– Anomaly detection

– Data clustering;

– Anomaly detection

 

 

 

Fig. 1. Stages of the technology of forecasting of enterprise financial management systems 

in the context of trends in the digitalization of business processes in the field of e-commerce
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This stage involves:
– data normalization. Data normalization is used to unify their scales, 
which is especially important if the forecast is based on variables with 
different units of measurement or value ranges. Minmax normaliza-
tion formula:

′ =
− ( )

( )− ( )X
X min X

max X min X
, 	 (1)

where ′X  – normalized data; X  – initial values of the variable; 
min X( )  – minimum value of variable X; max X( )  – maximum value 
of variable X.

Normalization translates all values of variable X into the range [0; 1]. 
This simplifies work with data for machine learning, regression analysis, 
or clustering algorithms that are sensitive to differences in the scales of 
input variables. For example, financial indicators (millions of dollars) 
and digital indices (fractions of a unit or percentages) after normaliza-
tion will be reduced to a common scale, which reduces model distortion;

– anomaly detection. Anomaly detection allows to identify data that 
is significantly different from others and can distort the results of the 
analysis. For this, the standard deviation criterion is used:

A x X x µ ki i= ∈ − >{ }σ , 	 (2)

where xi – variable value; µ – average value of all xi; σ – standard devia-
tion; k – coefficient (usually k=2 or k=3).

This criterion is based on the fact that in a normal distribution, 
most of the data (about 95 %) are within µ ± 2σ . Values outside these 
limits are considered anomalies. For example, a sharp increase in costs 
caused by an external factor can be identified as an anomaly and further 
investigated. The standard deviation is calculated using the formula:

σ = −
=
∑1

1

2

n
x µ

i

n

i( ) , 	 (3)

where n – the number of observations.
Normalization ensures the accuracy of the model, especially when 

using machine learning algorithms that are sensitive to the scale of the 
data. In turn, anomaly detection allows to clean the data from distortions 
that can lead to incorrect forecasts. This is critically important for financial 
data, where anomalies are often the result of one-time events, for example, 
large investments or crises. The data prepared at this stage are the basis for 
further analysis and forecasting, ensuring the correctness of the results.

Ensuring the accuracy and compliance of the forecast with the goal. 
The forecasting method is chosen depending on the specifics of the 
data, the degree of their availability, the level of automation of processes 
and the tasks to be solved. To perform the tasks provided for by this 
stage, it is advisable to use:

– factual methods (accurate for stable conditions, but require high-
quality historical data);
– expert methods (useful in the absence of data, but may be subjective);
– combined methods (provide a balance between objectivity and flex-
ibility, which makes them a universal tool in unstable conditions).
The choice of a forecasting method depends on the tasks and con-

ditions, as well as the availability of data and the capabilities of the 
enterprise.

The data processing stage allows to structure, segment and identify 
hidden patterns in large data sets. For this, clustering and anomaly 
detection methods are used. So:

– clustering can be performed by various methods, for example, the 
K-means method for grouping data into k clusters. This algorithm 
minimizes the distance between points within one cluster and the 
center of this cluster. The advantages of the K-means method are sim-
plicity of implementation, high speed of operation for small amounts 

of data. In turn, its disadvantages are: the need for a preliminary se-
lection of k; sensitivity to the initial values of the cluster centers; poor 
efficiency for data with uneven density or complex structures;
– anomaly detection based on the DBSCAN algorithm (Density-
Based Spatial Clustering of Applications with Noise) is used to detect 
clusters in data with complex structures and to identify anomalies 
(points that do not belong to any cluster). The main concept is the 
analysis of the density of points in space. The key indicators of the 
DBSCAN algorithm are: the radius (є), within which points (x) are 
considered neighbors; as well as the minimum number of neighbors 
(MinPts), which is necessary for point x to be considered a core.
The application of the DBSCAN algorithm involves:
1. For each point x, the number of neighbors within a certain radius 

is determined. If this number is MinPts, then the point x is a core.
2.  All neighboring points within a certain radius from the core 

form a cluster.
3. Points that do not belong to any cluster are considered anomalies 

(noise). The DBSCAN algorithm is distinguished by its efficiency when 
working with data of uneven density and the ability to automatically 
detect anomalies. However, its disadvantages include the need for pre-
liminary data analysis to select the є and MinPts indicators, as well as sen-
sitivity to variable scaling, which requires normalization. In this context, 
the K-means method is appropriate for classifying data into groups with 
similar characteristics, contributing to the study of patterns in data sets. 
In contrast, the DBSCAN algorithm is more effective for working with 
complex structures, allowing to simultaneously find clusters and identify 
anomalies, which makes it indispensable in certain data analysis tasks.

Both methods are powerful tools for pre-processing data, allowing 
to make them more structured for further forecasting.

At the stage of forecasting, mathematical models are used to predict 
future values of indicators. It includes the use of retrospective methods 
for analyzing historical data and prospective methods for building fore-
casts taking into account complex relationships.

Among retrospective methods, it is advisable to highlight time se-
ries analysis, which allows to predict future values of a variable based 
on its historical dynamics. The technology is described by the equation:

y tt t= + +α β  , 	 (4)

where yt  – the value of the indicator at a point in time (for example, 
profit, sales volume); α  – a constant that reflects the average value at 
t=0; β  – a coefficient that characterizes the trend (growth or decline 
of the indicator over time); t  – a random error that takes into account 
the influence of uncontrolled factors.

The process of analysis based on the time series method involves 
the following stages:

– decomposition of the time series. The time series is decomposed into 
components: trend Tt  – takes into account the general trend (growth 
or decline); seasonality St  – takes into account recurring fluctuations; 
random component t  – models noise. In formal form, let’s write this 
as follows:

y T St t t t= + + ; 	 (5)

– evaluation of indicators α  and β . The indicators of the model are 
estimated by the least squares method:

β =
−( ) −( )

−
=

=

∑
∑

t

n

t

t

n

t t y y

t t
1

1
2( )

, 	 (6)

α β= −y t , 	 (7)

where y  and t  – the average values of i and t, respectively;
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– forecasting. Based on the obtained values of the indicators, the 
technology uses the value of t to predict yt . To perform forecasting 
tasks, it is possible to use the time series method or the neural net-
work method.
The advantages of the time series method are ease of implementa-

tion and efficiency for stable environments with a clearly defined trend. 
The disadvantages include unsuitability for complex and irregular data, 
as well as ignoring the influence of additional variables, for example, 
macroeconomic factors.

The method of forming neural networks is one of the promising 
ones. This method involves the use of nonlinear relationships between 
input data. Forecasting based on neural networks has a number of 
significant advantages, among which the ability to work with large and 
complex data, as well as efficiency in identifying nonlinear and multifac-
torial relationships, is especially notable. However, such approaches also 
have certain disadvantages, in particular, the need for large amounts of 
data for training, complexity of setup, and high computational intensity. 
Compared to other forecasting methods, retrospective approaches are 
simpler to implement and interpret, but are limited in effectiveness in 
a stable environment with clear trends. In contrast, forward-looking 
methods, such as neural networks, demonstrate versatility by taking 
into account complex factors and nonlinear relationships, although 
they require significantly more resources for their implementation. In 
complex forecasting conditions, forward-looking methods, such as 
neural networks, provide higher accuracy, while retrospective meth-
ods are useful for analyzing past trends and creating basic forecasts.

The stage of integrating results is the final stage in the forecasting 
process and involves using the obtained results to make decisions in 
real business scenarios. The main emphasis should be placed on the 
optimal use of resources, taking into account the constraints and target 
indicators of the enterprise. The optimization model allows to form the 
best allocation of resources to achieve maximum effect.

The optimization model is formed in the form of a linear program-
ming problem:

arg ,max c x a x bx
i

n

i i
i

n

i i
= =
∑ ∑ ≤

1 1

 provided 	 (8)

where xi – the amount of resource used for the i-th process or task; 
ci – the benefit (utility) obtained from using a unit of resource; ai – the 
resource cost per unit of performance of the i-th task; b – the total avail-
able resource volume.

In this model, the objective function task is to maximize the total 

benefit 
i

n

i ic x
=
∑

1

�, which reflects the economic effect, for example, profit,  

productivity or cost reduction. The total resource costs 
i

n

i ia x
=
∑





1

�  
should not exceed the available volume (b).

The main stages of integrating the results:
– data preparation for optimization. The forecast results (for exam-
ple, expected demand, costs, profitability) are used to determine the 
indicators ci, ai and b;
– scenario formation. Various scenarios can be developed based on 
the forecasts: optimistic (increased benefit ci under favorable condi-
tions); pessimistic (resource limitation b due to external risks); base-
line (forecast values without significant changes);
– solution of the optimization problem. The problem is solved using 
linear programming methods, for example, the simplex method or 
using specialized software (Excel Solver, Python SciPy, MATLAB);
– solution verification. It is checked whether the resulting solution 
meets real business constraints and whether it achieves the speci-
fied goals;
– integration into business process management. The optimization 
results are implemented in the form of action plans. For example, 

budget allocation between departments, selection of projects for 
investment, etc.
The optimization approach has a number of advantages that en-

sure its effectiveness in decision-making. First of all, it contributes 
to the efficient use of resources, which allows achieving maximum 
benefits even under existing constraints. Thanks to the use of math-
ematical models, the decision-making process becomes objective, 
eliminating the influence of subjective factors. In addition, the opti-
mization approach is flexible, as it allows to model various scenarios 
to find the best solutions.

Along with this, the effectiveness of this approach largely depends 
on the accuracy of the input data, in particular the forecasts of the 
indicators ci, ai and b. In real conditions, additional nonlinear con-
straints are possible, which can significantly complicate the task, which 
requires taking into account these factors for the successful use of the 
method.

Integration of forecasting results through optimization models en-
sures maximum resource efficiency, allows the enterprise to adapt to 
changes and make informed management decisions. This approach is 
universal and can be used in various industries for financial planning, 
production management, investment or logistics optimization.

Monitoring and adjusting forecasts ensures a permanent increase 
in forecasting accuracy and adaptation of models to changing condi-
tions. The purpose of this stage is to identify discrepancies between 
actual and forecasted values, analyze errors and adjust models ac-
cordingly.

It is advisable to assess the accuracy of forecasts based on the MAPE 
(Mean Absolute Percentage Error) method. It is based on the definition 
of the mean absolute error:

MAPE
n

y y
yi

n
i i

i

=
−

⋅
=
∑1 100

1



% , 	 (9)

where yi  – the actual value of the indicator at time i; yi
  – the predicted 

value of the indicator; n  – the number of predicted values.
One of the advantages of this method is its flexibility, as it is con-

venient for analyzing data with different units of measurement. This is 
ensured by the normalization of errors relative to actual values, which 
makes MAPE a universal method for various areas of application. At 
the same time, the MAPE method has its limitations. It is sensitive to 
zero values of actual indicators, which can create problems during cal-
culations. In addition, MAPE favors models that underestimate actual 
values, since the relative deviations for such cases are smaller.

Monitoring the accuracy of forecasts using MAPE allows for effec-
tive evaluation of models, which, in turn, helps to improve the quality 
of forecasting. Constant analysis of errors and adaptation of models 
are critically important in a dynamic business environment, as this 
ensures the relevance and accuracy of management decisions in the 
field of e-commerce.

In the context of forecast monitoring, in particular, assessing their 
accuracy, in addition to the MAPE metric, RMSE (Root Mean Square 
Error) should also be taken into account. MAPE and RMSE are not 
direct alternatives, as they have different characteristics, advantages and 
limitations. Both metrics are used to assess forecast accuracy, but each 
of them is suitable for different situations depending on the specifics 
of the data and tasks. If MAPE is convenient for comparing models 
on datasets with different scales or units of measurement, then RMSE 
calculates the square root of the mean square error, which makes it 
more sensitive to large deviations. RMSE is well suited for tasks where 
it is important to take into account large errors, as it amplifies their 
impact on the final estimate. However, RMSE depends on the units 
of measurement and can be more difficult to interpret in the context 
of relative deviations. Thus, if there is a question of choosing between 
MAPE and RMSE, it depends on the specifics of the task. If a relative 



ECONOMICS OF ENTERPRISES: 
ECONOMICS AND MANAGEMENT OF ENTERPRISE

19TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 2/4(82), 2025

ISSN-L 2664-9969; E-ISSN 2706-5448

accuracy indicator is needed, MAPE will be the better choice. How-
ever, if large deviations are critical or data in the same units are used,  
RMSE may be more useful. Sometimes it is useful to combine these 
metrics to get a more complete picture of the accuracy of the forecast. 
The formula for calculating RMSE is:

RMSE
n

y y
i

n

i i= −
=
∑1

1

2( ) , 	 (10)

where yi  – the actual value of the variable at time and; yi
  – the predict-

ed value of the variable at time and; n  – the number of observations.
RMSE is one of the key metrics for assessing the accuracy of fore-

casts. It allows to identify significant errors and compare different mo
dels, ensuring objectivity and accuracy of the analysis. Using RMSE 
in combination with other metrics, such as MAPE or MAE (a linear 
metric that gives equal weight to each error in calculating the mean. 
MAE measures the absolute error in units of the forecast data, while 
MAPE expresses it as a percentage, which allow to compare models 
for different datasets with different scales. For example, MAE does 
not take into account the relative scale of the error, while MAPE shows 
how much the model is wrong as a percentage of the actual values. 
However, MAPE has limitations in the case of zero or close to zero 
actual values, as it divides the error by the actual value, which can lead 
to very large or infinite results. MAE does not have this problem, as it 
operates on absolute values without relative scaling ), allows to get a 
comprehensive assessment of forecasting performance and improve 
the quality of the models.

A critical analysis of the described technology for forecasting busi-
ness process indicators in the field of e-commerce revealed a number 
of shortcomings and limitations that require attention to improve its 
effectiveness. In particular, the formulation of the goal and objectives is 
often not detailed enough, which complicates the selection of optimal 
methods and assessment criteria. Incompleteness of input data or their 
low quality, in particular missing values or noise, significantly affect 
the accuracy of forecasts, and their processing is time- and resource-
consuming. There is also subjectivity in the choice of forecasting meth-
ods and their limited adaptability create risks, especially in a changing 
environment. The task is additionally complicated by the shortcomings 
of the approaches used, for example, the insensitivity of some methods 
to complex nonlinear relationships or the need for a significant amount 
of data for training. This leads to the fact that models often do not take 
into account the key features of modern business systems. Another 
challenge is the integration of the results with business process manage-
ment practices, which do not always fully take into account the complex 
nature of real-world conditions, such as nonlinear dependencies or 
scenarios with high uncertainty. Estimating forecast accuracy through 

existing metrics also has its limitations: some metrics, such as RMSE, 
amplify the impact of large errors, while others, such as MAPE, may be 
less accurate for large-scale data.

In general, the algorithm requires further adjustment by imple-
menting more flexible, adaptive, and comprehensive approaches that 
allow it to work effectively with different types of data and conditions. 
This will help increase the accuracy of forecasts and their practical 
value for making management decisions.

3.2. Critical analysis and adjustment of the technology for fore-
casting business process indicators in the e-commerce sector, taking 
into account the trends in the digitalization of business processes

Table  1 lists the general limitations of the described forecasting 
technology and possible ways to eliminate them.

A mathematical apparatus for adjusting forecasting technology is 
proposed:

1. Automation of method selection. Automation of forecasting meth-
od selection can be implemented through optimization of the accu-
racy criterion, for example, mean absolute error (MAPE) or root mean 
square error (RMSE), based on a set of available methods:
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where Mk  – the set of forecasting methods k   m=( )1 2, , , ; yi  – the 
actual value; yi k



,  – the predicted value for the k-th method; n – the 
number of forecast points.

This formula minimizes the MAPE error for automatic selection of 
the best forecasting method.

2. Formalization of the scenario approach. The scenario approach 
can be formalized as a set of forecasts, where each forecast corresponds 
to its own scenario:

P y y y  s i opt i base i pess= { }  

, , ,,� ,� , 	 (12)

where yi opt


,  – the forecast for the optimistic scenario; yi base


,
 – the fore-

cast for the baseline scenario; yi pess


,
 – the forecast for the pessimistic 

scenario.
The formula for forecasts in each scenario takes into account pos-

sible changes in input indicators X:

y f X  i s i s


, , ,= ( ) 	 (13)

where s opt  base  pess∈{ }, , .

Table 1

Limitations of the described forecasting technology and ways to overcome them

General limitations Suggestions for overcoming constraints

Resource-intensive. The technology requires significant time, computing 

power, and analytical resources, especially at the stages of data processing and 

forecasting

Automating method selection. Using machine learning algorithms to auto-

matically select the most appropriate methods based on the type and quality 

of data

Sensitivity to data quality. Inaccurate or incomplete data can negatively affect 

the accuracy of forecasts, which is especially critical for unstable industries

Working with anomalies. Developing methods that not only remove anoma-

lies but also use them to better understand changes in business processes

Complexity of setup. The effectiveness of the technology largely depends on 

the correct setup of the methods (selection of clustering indicators, determi-

nation of the number of clusters, neural network architecture, etc.)

Dynamic updating of models. Applying online learning and adaptive meth-

ods that take into account new data in real time

Failure to take into account environmental changes. The technology is 

focused on analyzing current and past data, but may not take into account 

sudden changes in the external environment

Incorporating a scenario approach. Developing forecasts for multiple scenari-

os (optimistic, baseline, pessimistic) for greater flexibility in decision-making

Lack of integrated scenario analysis. Most stages of the technology do not 

involve modeling multiple scenarios, which is important for management 

decisions in an uncertain environment

Integrating metrics. Using multiple metrics (RMSE, MAPE, MAE) to get a 

more complete picture of accuracy
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Based on changes in input indicators, regular dynamic updating of 
models is necessary, for example, by using online training, where the 
model is adjusted after each new observation x yt t, :

θ θ η
θ

θt t
t t t

t

L y f x
 + = −

∂ ( )( )
∂1

, ;
, 	 (14)

where θt  – the model performance at the t-th iteration; η – the learning 
rate; L – the loss function (for example, MSE or MAE (a metric for es-
timating the accuracy of forecasts that calculates the mean squared dif-
ference between the actual (yi) and predicted ( yi

 ) values, emphasizing 
larger weights on large errors. MAE (Mean Absolute Error) is a simple, 
intuitive metric that estimates the average error in absolute values and 
provides stability in the presence of anomalies. MAE estimates the mean 
absolute error, while MSE emphasizes larger weights on large devia-
tions through squared errors; MAE is more stable and less sensitive 
to anomalies, so it is chosen if a uniform error estimate is important)); 
f xt t;θ( ) – the model forecast based on the performance θt .

This formula implements real-time adjustment of the model per-
formance.

Integration of metrics involves their weighted combination:

Combined Error w RMSE w MAPE w MAE = + +⋅ ⋅ ⋅1 2 3 , 	 (15)

where w  w  w1 2 3, ,  – weighting factors ( )w w w1 2 3 1+ + = ; MAPE (9); 
RMSE (10); MAE:
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In the course of the calculations performed, it is possible to detect 
anomalies (by anomalies in this context let’s mean values or obser-
vations in a data set that differ significantly from typical or expected 
values). They can arise due to technical errors, changing external con-
ditions, or unaccounted factors affecting the data. For example, in the 
financial performance of a company, an anomaly can be a sharp increase 
in costs due to a one-time large investment, a significant increase in 
revenues due to the introduction of a successful digital product, or a 
decrease in productivity due to force majeure circumstances, such as 
a system failure or a natural disaster. More generally, anomalies are 
data that differ from the general trend or group. They can be formally 
identified using statistical criteria, for example, if the value exceeds the 
limits of several standard deviations from the mean. In the context of 
the proposed algorithm, anomalies are not removed, since they can 
carry important information about rare events or changes in the busi-
ness environment. Instead, they are used to build additional predictors 
that take into account the impact of these events on the forecast. This 
approach can improve the accuracy of the model, especially in cases 
where anomalous values are recurring or have a long-term impact on 
business processes. It is not advisable to remove anomalies, but rather 
use them for modeling through the extreme value processing method:

z
x µ

 i
i=
−
σ

, 	 (17)

where xi  – the variable value; µ – the mean value; σ is the standard 
deviation.

Anomalies zi k  k   > =( ), where or2 3  are used to create additional 
predictors that take into account their impact:

f x f x zadj i( ) = ( )+ γ , 	 (18)

where γ  – the weighting factor that regulates the impact of anomalies 
on the forecast.

So, let's integrate the proposed adjustments into the initial forecast-
ing model:

1. Defining the goal and objectives of forecasting. Supplementing 
this stage by including a scenario approach (12).

2.  Data collection and preliminary analysis. Instead of removing 
anomalies, let’s add their analysis to create additional predictors (17).

3. Using anomalies in the model (18).
4. Selecting a forecasting method. The selection of a method is au-

tomated based on error optimization, for example, MAPE (9). This ap-
proach allows to automatically select a method that minimizes the error.

5. Data processing. Giving preference to dynamic updating of in-
dicators and their clustering:

– for clustering, the DBSCAN method is updated using adaptive 
MinPts values based on new data;
– in case of model updating, let’s assume the application of formula (12).
6. Formation of forecasts for each scenario:
– optimistic scenario � Popt( ) – takes into account favorable conditions;
– base scenario Pbase( ) – forecast without additional changes;
– pessimistic scenario Ppess( ) – takes into account possible risks.
7. Integration of results with business process management prac-

tice, in particular, it concerns the consideration of scenarios for optimi-
zation models. For example:
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where s corresponds to the scenarios (opt, base, pess).
8.  Monitoring and adjusting forecasts. Instead of using only one 

metric, let’s add an integrated accuracy metric (15).
9. Evaluating the results, taking into account the error analysis for 

each scenario:
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This allows to assess the accuracy of forecasts for different condi-
tions and adapt the model to a specific scenario.

Integrating these adjustments into the initial algorithm increases 
its adaptability, accuracy and flexibility. New elements, such as automa-
tion of method selection, work with anomalies, scenario approach and 
combined metrics, provide greater compliance with real business needs 
and dynamic environmental conditions.

The logic of the relationships between all stages of modeling is built 
on the consistent transformation of source data into useful information 
for making management decisions. The initial stage is to determine 
the goal and objectives of forecasting, which sets the strategic direc-
tion of the entire process. Formalization of the goal through a function 
M f X T E= ( ), ,  provides an understanding of what data is needed, for 
what period the forecast is formed, and what results are expected. This 
forms the basis for further actions and determines which methods and 
approaches will be most appropriate. The second stage, data collection 
and their preliminary analysis, logically follows from the first, since to 
implement the forecasting goals it is necessary to have a high-quality in-
formation base. At this stage, data normalization, cleaning, and analysis 
ensure their suitability for modeling. Identifying anomalies and incor-
porating them into the model helps to avoid distortions in the results 
and increase the accuracy of forecasts. The next logical step is to choose 
a forecasting method based on the characteristics of the collected data 
and the formulated tasks. For example, if the data is stable and retro-
spective, factographic methods can be used, while in the case of high 
uncertainty, it is better to use expert or combined approaches. Auto-
mation of the method selection through error optimization ensures 
objectivity and adaptability to different conditions. The data processing 
stage logically continues the method selection, since it is at this stage 
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that the data is structured, grouped (clustering ) and prepared for the 
application of the model. For example, K-means clustering or DBSCAN 
allows to identify hidden patterns and segments that require a different 
approach to forecasting. This also creates the basis for adaptive models 
that are dynamically updated based on new data. After data processing, 
forecasts are generated. This is the stage at which the analysis results are 
converted into specific numerical values. The use of retrospective meth-
ods allows for the assessment of historical trends, while prospective 
methods, such as neural networks, take into account complex relation-
ships and possible future changes. The formation of several forecasts 
in different scenarios (optimistic, baseline, pessimistic) increases the 
reliability of the results. The sixth stage, the integration of the results 
into business process management, ensures the practical implementa-
tion of the forecasts. Using optimization models, resources are allocated 
in such a way as to achieve maximum benefit under existing constraints. 
This ensures a close connection between the mathematical forecasting 
model and real management tasks. Monitoring and adjusting forecasts 
at the seventh stage allow for the assessment of the accuracy of the 
results obtained and, if necessary, make changes to the model. The use 
of metrics such as RMSE or combined errors helps to identify systemic 
shortcomings and adapt the forecasting to the changing environment. 
This provides feedback in the process, allowing for the forecasting to 
be made more accurate and relevant. The final stage – evaluation of the 
results, summarizes the entire process and provides an analytical basis 
for choosing the best methods and approaches in the future. Comparing 
the effectiveness of forecasting methods through metrics such as RMSE 
or MAPE allows to formalize conclusions and prepare recommenda-
tions for improving models in subsequent iterations.

All stages of the improved technology for forecasting business pro-
cess indicators in the field of e-commerce are interconnected and con-
stitute a holistic process, where each subsequent step is based on the 
results of the previous one, ensuring a gradual transition from primary 
data to valuable management decisions. Such a sequence minimizes 
errors, takes into account the specifics of the data and business environ-
ment, and also increases the reliability of forecasts.

Let’s demonstrate the results of improving the primary technology 
based on empirical data from companies such as Rozetka, Prom.ua, 
Allo, Epicentrk.ua, Foxtrot (Table 2).

Table 2

Comparison of accuracy and adaptability of business process performance 

forecasting technology in e-commerce

Indicators Rozetka Prom.ua Аllo Epicentrk.ua Foxtrot

CM 0.12 0.11 0.06 0.04 0.07

MAE 0.10 0.11 0.08 0.13 0.12

MAPE 0.08 0.10 0.09 0.12 0.11

RMSE 0.12 0.15 0.11 0.14 0.13

Opt 0.08 0.09 0.07 0.10 0.09

Base 0.10 0.11 0.09 0.12 0.11

Pess 0.12 0.13 0.11 0.14 0.13

Table 2 shows the values of the main metrics (RMSE, MAPE, MAE) 
and their weighted combination, as well as the evaluation of the results 
taking into account the error analysis for the three scenarios. Thus, for 
the Rozetka company, the RMSE value is 0.12, MAPE is 0.08, and MAE 
is 0.10. The weighted combination of these metrics, taking into account 
the weighting factors, is 0.10. This indicates an average level of forecast 
error, which indicates the stability of the model. Scenario analysis for 
this company shows that in the optimistic scenario the error decreases 
to 0.08, in the base one it remains at 0.10, and in the pessimistic one 
it increases to 0.12. This indicates a high level of dependence of the 
forecast accuracy on external conditions. For Prom.ua, the RMSE is 

0.15, the MAPE is 0.10, the MAE is 0.11, and the weighted combination 
is 0.12. These data indicate a slightly higher volatility of forecasts com-
pared to Rozetka. In the scenario analysis, the error ranges from 0.09 
in the optimistic scenario to 0.13 in the pessimistic one, with a baseline 
value of 0.11. Based on this, it can be argued that there is potential for 
reducing errors, provided that favorable factors are taken into account. 
Allo demonstrates the lowest MAE value among all participants – 0.08, 
which is a strong indicator of the model’s effectiveness. The RMSE is 
0.11, the MAPE is 0.09, and the weighted combination of metrics is 
0.09. In the scenario analysis, the optimistic indicator reaches 0.07, the 
baseline – 0.09, and the pessimistic – 0.11. This emphasizes the stabil-
ity of the company's forecasts, even under adverse conditions. In turn, 
Epicentrk.ua has an RMSE of 0.14, a MAPE of 0.12, and a MAE of 0.13, 
which indicates a slightly higher error in the modeling, compared to 
other companies. The weighted combination for this participant is 0.12. 
The errors in the scenarios vary from 0.10 in the optimistic scenario to 
0.14 in the pessimistic one, which indicates a high dependence of the 
forecasts on external factors. And at the very end, Foxtrot demonstrates 
an average level of error with an RMSE of 0.13, a MAPE of 0.11, and a 
MAE of 0.12. The weighted combination of metrics is 0.11, which is the 
average for the sample. Scenario analysis shows that the optimistic error 
value is 0.09, the base value is 0.11, and the pessimistic value is 0.13. This 
confirms the potential for improving the accuracy of forecasts, provided 
that favorable circumstances are taken into account.

Thus, the analysis of the constructed diagrams allows to conclude 
about the accuracy of forecasts for each company and the dependence 
of these indicators on the scenarios of development of events. The most 
stable forecasts are demonstrated by Rozetka and Allo, which is con-
firmed by low error values and a small spread between scenarios. Epi-
centrk.ua and Prom.ua indicate the need for additional consideration 
of variable conditions to improve accuracy. In general, the weighted 
combination of metrics has proven itself as an effective tool for an inte-
grated assessment of forecasts.

Table 3 presents curves reflecting the optimal solutions argmaxx( ) 
for each company, as well as the significance of the impact of forecast 
accuracy on managerial decision-making within the optimistic, base, 
and pessimistic scenarios.

Table 3

Optimal solutions for each company, as well as the impact values for the 

optimistic, base and pessimistic scenarios

Indicators Rozetka Prom.ua Аllo Epicentrk.ua Foxtrot

Opt 0.92 0.88 0.95 0.85 0.89

Base 0.90 0.85 0.91 0.80 0.89

Pess 0.88 0.83 0.89 0.78 0.87

For Rozetka, the optimal solution is 0.92, which exceeds the baseline 
(0.90) and pessimistic (0.88) scenarios, highlighting the potential for risk 
reduction through investments in stability. In Prom.ua, the optimal solu-
tion (0.88) takes into account significant dependence on external condi-
tions, suggesting adaptive strategies to reduce errors in the pessimistic 
scenario (0.83). Allo demonstrates the highest optimal indicator (0.95), 
which outperforms all scenarios and indicates effective resource man-
agement under conditions of high stability. Epicentrk.ua has an optimal 
solution at 0.85, which takes into account the wide spread between the 
pessimistic (0.78) and baseline scenarios (0.80), emphasizing the impor-
tance of scenario analysis for cost management. Foxtrot demonstrates 
stability between the optimal solution (0.89) and scenario impacts, al-
lowing for effective resource planning even under adverse conditions.

The data in Table 3 illustrate how the optimization model based on 
contributes to the adoption of effective management decisions, taking 
into account various scenarios of events. This allows to increase the 
stability of the business and adaptability to external changes.
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The results obtained can be used to increase the accuracy of forecast-
ing business process indicators in the field of e-commerce, which will 
contribute to improving the adoption of strategic management deci-
sions. The integration of modern digital technologies allows to optimize 
costs, minimize risks and increase the competitiveness of enterprises. 
The use of the proposed forecasting model ensures effective resource 
management, which allows to reduce operating costs and increase the 
efficiency of business processes. In addition, the use of adaptive algo-
rithms allows the business to quickly respond to changes in the market 
environment, which is critically important in unstable economic condi-
tions. The adjusted forecasting technology can be applied in financial 
planning, inventory management, marketing research and analysis of 
consumer preferences, which contributes to the formation of a more 
flexible enterprise development strategy.

The main limitation is the need for high-quality input data, as insuf-
ficient accuracy or missing values can affect the forecast results. Lack of 
historical data or inaccuracies in statistical reports leads to significant 
deviations in forecasts. The use of complex machine learning algo-
rithms requires significant computing resources, which can complicate 
their implementation in small and medium-sized enterprises that do 
not have a sufficient technical base. In addition, models using artifi-
cial intelligence require constant updating and adaptation to new data, 
which can cause additional costs. The study is focused on e-commerce, 
so its adaptation to other industries requires additional analysis of the 
features of the relevant business processes. The implementation of this 
model in more traditional business sectors requires modifications of 
the algorithms to take into account the specifics of a particular industry.

The conditions of martial law in Ukraine affected the conduct of the 
study due to limited access to current statistical data and the instability of 
the market environment. The war led to a change in consumer priorities 
and the transition of a significant part of business to the online segment, 
which required the adaptation of forecasting models to new conditions. 
In particular, the decrease in the purchasing power of the population and 
disruptions in logistics chains influenced the change in trends in the field 
of e-commerce, which complicates the accuracy of forecasts. Distance ed-
ucation and limited opportunities for conducting experimental research 
also made adjustments to the choice of methodological approach and 
analysis of the results obtained. In addition, legislative changes caused by 
martial law, such as temporary tax breaks or restrictions on foreign eco-
nomic activity, create additional influencing factors that should be taken 
into account in forecasting models. It is also important to note that the 
instability of the infrastructure, disruptions in the operation of payment 
systems and failures in the supply of electricity can significantly affect the 
collection and processing of data, which complicates the implementa-
tion of automated solutions in the field of business process forecasting.

Further research should be conducted to expand the methodologi-
cal base for integrating modern digital tools into predictive models of 
business process indicators. Particular attention should be paid to the 
development of adaptive algorithms that take into account complex 
relationships between data and allow integrating forecast results into 
real business scenarios in an unstable market environment.

4. Conclusions

The research results allowed to create a technology for forecasting 
business process indicators, focused on modern trends in their digitali-
zation in the field of e-commerce. This technology covers all key stages 
of forecasting, starting from the formation of goals and objectives and 
ending with the integration of results into the practical activities of en-
terprises. The use of such a model ensures the integrity of the forecasting 
process, since it takes into account the specifics of the input data, the 
time horizon and the expected results. The involvement of qualitative 
data and their preliminary analysis allow to minimize errors and take 
into account external influences, which ensures the reliability of fore-

casts even in unstable conditions. The combination of various analysis 
methods – from factual to prospective – guarantees the flexibility and 
adaptability of the model, allowing it to be used to solve operational 
tasks and long-term strategic planning. The technology provides an 
effective combination of classical statistical approaches with modern 
machine learning methods, which allows to identify complex dependen-
cies between indicators and accurately predict the impact of changes on 
financial results. The integration of forecasting results into business pro-
cesses contributes to making informed decisions, optimizing resources 
and increasing overall management efficiency. A generalized approach 
to building a predictive model allows e-commerce enterprises to adapt 
it to their needs, which is critically important in the context of rapidly 
changing market environments. This contributes to increasing financial 
stability, as well as the formation of competitive advantages based on 
the effective use of digital technologies in management processes. Thus, 
the developed technology is a universal tool that provides e-commerce 
enterprises with the ability to flexibly respond to the challenges of digital 
transformation and effectively implement innovations in their activities. 
The optimization approach ensures effective decision-making in busi-
ness systems due to the rational use of resources, objectivity of processes 
and the ability to model various scenarios. It allows to maximize benefits 
even with limited resources, integrating mathematical models into man-
agement processes. However, the effectiveness of this approach largely 
depends on the accuracy of input data and taking into account specific 
conditions, such as nonlinear constraints that can complicate the solu-
tion of problems. Integrating forecasting results through optimization 
models helps e-commerce companies adapt to changing conditions, 
ensuring informed management decisions in financial planning, in-
vestment, risk management, logistics, etc. Monitoring and adjusting 
forecasts, in particular using MAPE and RMSE metrics, make it possible 
to increase the accuracy of models and adapt them to a dynamic envi-
ronment. MAPE is convenient for comparing models on datasets with 
different scales, while RMSE allows to take into account large deviations, 
which is important for high-risk tasks.

Along with the advantages of the optimization approach, its limita-
tions are also highlighted, such as resource consumption, complexity 
of model tuning, and sensitivity to data quality. The use of a scenario 
approach, automation of method selection, and adaptive model tuning 
can be effective solutions to overcome these shortcomings. The inclu-
sion of accuracy assessment metrics, such as MAE and integration of 
scenario analysis, helps to obtain a more complete picture of forecast-
ing and increase its reliability. Therefore, the optimization approach 
is a powerful tool for resource management and decision-making in 
a complex business environment. Its versatility allows the proposed 
forecasting technology to be applied, ensuring flexibility, adaptability, 
and efficiency of management processes. However, to achieve maximum 
results, further automation, development of adaptive learning tools, 
and consideration of various scenarios of events are necessary. The 
proposed solutions for adjusting forecasting technology demonstrate an 
integrated approach to increasing the accuracy and adaptability of mod-
els, which is critically important in the modern business environment. 
Automation of the selection of forecasting methods ensures objectivity 
by minimizing the errors of the MAPE or RMSE metrics, which allows 
for optimal use of available methods for specific tasks. Integration of the 
scenario approach adds flexibility, as forecast modeling for optimistic, 
base and pessimistic scenarios allows e-commerce enterprises to prepare 
for various possible conditions and risks. An important component of 
the adjustment is working with anomalies, which are used to build addi-
tional predictors that take into account their impact on the forecast. This 
increases the relevance of models in cases where rare events can have a 
significant impact on business processes. Dynamic updating of models 
through online training ensures their relevance, allowing for real-time 
environmental changes. The combined use of metrics such as RMSE, 
MAPE and MAE contributes to a comprehensive assessment of the 
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accuracy of forecasts and the selection of the most effective approaches. 
The inclusion of a weighted combination of these metrics ensures that 
various aspects of errors are taken into account, which allows improv-
ing the quality of forecasting even in difficult conditions. Integration of 
results into business processes through optimization models increases 
the efficiency of resource use and contributes to making informed man-
agement decisions. The formation of scenarios and their use in opti-
mization tasks allows enterprises to adapt to changing conditions and 
maximize benefits even with limited resources. The logical structure 
of forecasting technology is built on a consistent transition from defin-
ing the goal and tasks of forecasting to evaluating results and forming 
recommendations. This approach ensures the consistency and reliabil-
ity of the process, allowing for the integration of modern tools, taking 
into account the specifics of the business environment and adapting to 
dynamic changes. Improved forecasting technology creates a reliable 
basis for increasing management efficiency, contributing to the develop-
ment of flexible and sustainable business models in modern conditions.
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