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Abstract
Objectives. The efficient management of parallel ETL (Extract, Transform, Load) process execution in central data 
warehouses critically impacts overall processing time. Existing orchestration tools such as Apache Airflow, NiFi, Luigi 
employ simplified prioritization algorithms which ignore dependency graph topology and resource dynamics, leading 
to suboptimal scheduling. The objective of this work is to develop and validate a novel task prioritization method for 
ETL pipelines, aimed at minimizing their total duration through deep analysis of structural features of Directed Acyclic 
Graphs (DAGs), as well as the use of simulation modeling to evaluate various scheduling strategies under conditions 
of competition for limited concurrency slots.
Methods. The study proposed a Python simulation model, replicating ETL process execution in an environment with 
limited concurrency slots. The model generates a DAG which reflects the dependency structure of processes for building 
a  central data warehouse and compares 9  prioritization algorithms. These include basic algorithms  (prioritization 
by  minimum/maximum average execution time), topological algorithms  (prioritization by  minimum/maximum layer 
level, maximization of dependency count), and hybrid algorithms (splitting slots into queues for minimum and maximum 
execution time). Experiments were conducted on  graphs of  a  variety of  topologies using the developed simulation 
model.
Results. The hybrid algorithm (slot allocation: 50% for tasks with maximum execution time, 50%  for tasks with 
minimum execution time) demonstrated the highest level of efficiency. It reduced total execution time by 15–17%, 
when compared to basic algorithms, minimized task idle time by 20–25%, and showed resilience to graph topology 
variations. A linear combination of optimized coefficients (execution time being the most significant factor) ranked 
second in terms of efficiency.
Conclusions. Prioritization based on DAG topology analysis and hybrid strategies significantly reduces ETL pipeline 
execution time. The hybrid algorithm is  recommended for implementation in  orchestrators, since it  balances 
minimizing pipeline duration and task idle time. A promising area for further study is the development of adaptive 
algorithms that account for real-time dynamic resource load.
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Резюме
Цели. Эффективное управление параллельным выполнением ETL1-процессов в центральных хранили-
щах данных критически влияет на  общее время обработки. Существующие инструменты оркестрации 
Apache Airflow, NiFi, Luigi используют упрощенные алгоритмы приоритизации, игнорирующие топологию 
графов зависимостей и динамику ресурсов, что приводит к субоптимальному планированию. Целью дан-
ной работы являются разработка и валидация нового метода приоритизации задач в рамках ETL-конвей-
еров, направленного на  минимизацию их  общей длительности за  счет глубокого анализа структурных 
особенностей направленных ациклических графов и использования имитационного моделирования для 
оценки различных стратегий планирования в  условиях конкуренции за  ограниченные слоты паралле
лизма.
Методы. Предложена имитационная модель на языке Python, воспроизводящая выполнение ETL-процес-
сов в среде с ограниченными слотами параллелизма. Модель генерирует направленный ациклический граф, 
отражающий структуру связей процессов для формирования центрального хранилища данных, и сравнива-
ет 9 алгоритмов приоритизации, включая базовые (приоритизация минимального/максимального среднего 
времени выполнения), топологические (приоритизация минимального/максимального уровня слоя, макси-
мизация числа зависимостей) и гибридные (разделение слотов на очереди для минимального и максималь-
ного времени выполнения). Эксперименты проведены на графах различных топологий на основе полученной 
имитационной модели.
Результаты. Гибридный алгоритм (разделение слотов: 50% для задач с максимальным временем выпол-
нения, 50%  – с  минимальным) показал наилучшую эффективность: снижение общего времени выполне-
ния на 15–17% по сравнению с базовыми алгоритмами, минимизацию времени простоя задач на 20–25% 
и устойчивость к вариациям топологии графов. Линейная комбинация с оптимизированными коэффициен-
тами (время выполнения – наиболее значимый фактор) заняла второе место по эффективности.

1  Извлечение (extract), преобразование (transform) и загрузка (load) данных.
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Выводы. Приоритизация на основе анализа DAG2-топологии и гибридных стратегий существенно сокраща-
ет время выполнения ETL-конвейеров. Гибридный алгоритм рекомендуется для внедрения в оркестраторы 
как балансирующий минимизацию длительности конвейера и  времени простоя задач. Перспективное на-
правление – адаптивные алгоритмы, учитывающие динамическую загрузку ресурсов в реальном времени.

Ключевые слова: оркестрация ETL-процессов, имитационное моделирование, графы зависимостей, хра-
нилище данных, ациклический направленный граф
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2  Directed acyclic graph – ориентированный ациклический граф.

INTRODUCTION

Every year sees a growth in the amount of data passing 
through various applications. One of the main tasks 
facing data storage developers is to collect and store this 
data Central data warehouses  (CDWs)  [1,  2] have been 
proposed as a solution to this problem. These are distributed 
storage facilities which collect data from all services for 
further analysis, and provide additional information which 
businesses can use to their advantage. In this way, CDWs 
are becoming the center for all business decisions [3].

The repository is populated through the processes 
of extracting  (Extract), transforming  (Transform), and 
loading  (Load) data—ETL  [2,  4–7]. These processes 
are complex operations aimed at integrating data from 
a  variety of sources, including relational databases, 
file systems, and web servers. The first stage involves 
data extraction which means collecting information 
from the specified sources. Next, the data undergoes 
a transformation process, during which it is structured, 
normalized, and cleaned, in order to improve the quality 
and consistency of the information. The final stage is 
loading the prepared data into the target storage to make 
it available for subsequent analysis and use.

In modern data processing systems, ETL processes 
play a key role in preparing information. However, with 
the increase in infrastructure scales and the number of 
such processes, the problem of effectively managing 
their execution arises. When dozens or hundreds of 
ETL  tasks interact within a  complex architecture, 
manually determining the order in which they are 
launched becomes not only labor-intensive, but also risks 
suboptimal results. The sequence of process execution 
directly affects the overall data processing time. 
Competition for computing resources, cascading delays 
due to dependencies between tasks, and suboptimal load 
distribution can multiply the execution time of the entire 
process pipeline. For example, a delay in a process which 

provides data for several subsequent stages can cause 
a  chain reaction of downtime. In order to resolve this 
problem, not only do prioritization methods need to be 
implemented, but also the architecture of the ETL system 
needs to be clearly modeled.

Complex interrelationships between processes, 
including explicit data dependencies, in which the output 
of one task serves as the input for another, and hidden 
constraints (memory resources, network bandwidth), can 
be visualized using directed acyclic graphs (DAGs) [8].

Directed acyclic graphs are accepted as the standard 
tool for modeling data extraction, transformation, and 
loading processes. This is due to their key properties 
which ensure reliability, efficiency, and transparency 
of data processing  [2,  7,  8]. The acyclic nature of the 
structure guarantees the absence of infinite cycles, 
critical for ensuring the completion of tasks in data 
processing pipelines, especially when working with large 
amounts of information. The graph data structure allows 
the execution of interdependent tasks to be controlled, 
which is important when building data warehouse filling 
processes (for example, data extraction always precedes 
data transformation). In addition, thanks to its structure 
a  directed acyclic graph allows parallel tasks to be 
worked on efficiently. This also allows the dependencies 
between different stages of data processing to be 
visualized. Thus, the tasks represented in the graph are 
independent and can be performed simultaneously.

Orchestration tools such as Apache Airflow  [9–11] 
provide basic mechanisms for defining dependencies, but 
effective prioritization requires more detailed analysis 
which takes into account dynamically changing loads, 
the criticality of business metrics, and which predict 
bottlenecks. Without a systematic approach to describing 
the architecture and formalizing the rules for ordering 
processes, there is a  risk that they will be executed in 
a sequence which is far from optimal. This is particularly 
critical in the context of near real-time analytics.

https://doi.org/10.32362/2500-316X-2026-14-1-7-18
https://doi.org/10.32362/2500-316X-2026-14-1-7-18
https://www.elibrary.ru/TAUPKU
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Despite the significant practical importance of 
optimizing ETL  pipelines, the number of specialized 
studies on task prioritization in this area remains 
limited. Most existing orchestrators3,  4  (Apache  Airflow,  
NiFi, Luigi)  [6,  10–12] use simplified strategies 
such as first-in-first-out or static priorities set by 
the user based solely on their empirical experience. 
Significant achievements exist in the related field of 
real-time systems, in which the DAG  model is also 
widely used  [13]. These studies solve the problem of 
guaranteed adherence to strict deadlines for parallel 
tasks on multiprocessor systems, using the concept 
of parallel progression of selected paths in a  graph 
with sub-task prioritization and complex worst-case 
response time analysis.

Despite their common foundation in directed acyclic 
graphs, the goals and conditions of ETL  optimization 
differ fundamentally from real-time planning. Firstly, 
ETL  focuses on minimizing the average pipeline 
execution time and task downtime with flexible 
parallelism, while real-time systems require guarantees 
of deadline compliance with strict resource allocation. 
The probability of completing requests within a  given 
time and the readiness coefficient for completing 
requests within a given time can be used as metrics for 
real-time systems  [14,  15]. Secondly, the performance 
metrics differ. For ETL, the total duration and resource 
utilization are critical, rather than worst-case analysis.

The direct application of methods for improving the 
efficiency of real-time systems (including path selection 
algorithms) in an ETL  context is suboptimal. Their 
excessive complexity and reservation requirements lead 
to underutilization of resources, ignoring at the same 
time the specifics of data storage layers and the dynamic 
constraints of orchestrators. Static approaches to real-
time assurance are poorly adapted to load changes, in 
which hybrid strategies are more efficient. Thus, despite 
the formal similarity of the models, the difference in 
operational requirements and metrics necessitates the 
development of specialized prioritization methods 
for ETL, which justifies this study.

An analysis of existing ETL prioritization 
methods  [16,  17] reveals significant limitations in 
current approaches:

•	 The proposed algorithms do not take into account 
the topological characteristics of process graphs 
which negatively affects the efficiency of planning 
in distributed systems;

•	 The predominant method of prioritization remains 
static. It is based on user labels for individual tasks 

3  https://nifi.apache.org/. Apache NiFi. Apache Software 
Foundation. Accessed January 10, 2025.

4  https://www.informatica.com/. Informatica. Informatica  LLC. 
Accessed January 12, 2025.

and does not take into account the dynamics of 
execution and the mutual influence of processes in 
the pipeline.
The aim of this work is to develop and justify 

a  method for prioritizing ETL  processes which 
minimizes the execution time of the entire data pipeline 
using system analysis and simulation modeling methods.

This study proposes a  simulation model which 
enables ETL  process management in complex 
architecture environments to be analyzed. The model 
recreates an environment in which a  directed acyclic 
graph is generated, reflecting the chains of ETL  task 
execution which form a theoretical data warehouse. Each 
directed acyclic graph models dependencies between 
processes and time constraints. A  key feature of the 
approach is the ability to compare different prioritization 
algorithms under identical conditions, providing an 
objective assessment of their effectiveness. This allows 
not only the execution of processes to be visualized 
within a centralized data warehouse, but also the impact 
of the selected algorithm on the overall duration of the 
pipeline to be quantitatively assessed. For example, by 
varying the number of nodes, the depth of dependencies, 
or the duration of a single task, it is possible to determine 
which algorithm demonstrates the best results in which 
scenarios. The results of the model generate metrics 
for comparison such as average execution time and 
percentage of resource downtime, forming the basis 
for an informed choice of optimization method in real-
world conditions. Thus, the simulation model serves 
as a  tool for systematic analysis of ETL orchestration, 
minimizing the risks of implementing ineffective 
solutions in industrial systems.

1. FORMALIZATION OF THE TASK

As part of this work, we will formalize the task 
of orchestrating ETL processes and will also establish 
a number of constraints necessary for its solution. The 
orchestration task includes several key stages: defining 
priorities for tasks; controlling the number of processes 
running simultaneously; and managing changes in task 
statuses according to their current status. 

It should be emphasized that the study will not 
analyze the load on the target computing system. 
Instead, a  variable will be introduced to regulate the 
load on the system, in order to determine the maximum 
number of simultaneously active tasks–slots. This is 
a  common approach in similar tools. For example, 
Apache Airflow has a  parameter for the number of 
available computing slots5, responsible for the total 

5  https://airflow.apache.org/docs/apache-airflow/stable/
configurations-ref.html. Airflow Configuration Reference. 
Accessed January 20, 2025.

https://nifi.apache.org/
https://www.informatica.com/
https://airflow.apache.org/docs/apache-airflow/stable/configurations-ref.html
https://airflow.apache.org/docs/apache-airflow/stable/configurations-ref.html
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number of tasks which can be executed simultaneously 
across all processes. In addition, an additional 
restriction will be imposed. Once a  specific process 
is started, its execution cannot be suspended until that 
process is completed. Resources will only become 
available once it has finished running.

Let us formulate the optimization problem for the 
orchestration process. Let G  =  (V,  E) be a  directed 
acyclic graph, in which V is a set of processes and E is 
a set of dependencies between them. In the case where 
the maximum number of simultaneously executing 
processes is limited to one, the problem can be solved 
using the classic method of topological sorting. 
Topological sorting is a  linear ordering of the vertices 
of a directed acyclic graph, in which for each directed 
edge from vertex A  to vertex B, the condition that  
A  precedes B  in this ordering is satisfied. Applying 
topological sorting to graph  G allows us to obtain 
a sequence of process execution which satisfies all the 
established dependencies.

For this task, we can use the following notations: 
P = {p1, p2, …, pn} is the set of processes; D(pi) set of 
processes upon which the process pi depends; ti  is the 
execution time of each process.

The objective is to minimize the total execution 
time of all processes, taking their dependencies into 
account. This optimization problem can be written as 
follows:

	 total
1

minimize  = ,
=
∑
n

i
i

T t � (1)

provided that for each process pi the following condition 
holds: pj is executed before pi if pj ∊ D(pi).

However, with such a  formulation of the problem, 
in which only one process can be launched at a time, we 
obtain a single solution. This is the sum of the execution 
times of all processes:

total
1

 = .
n

i
i

T t
=
∑

If N  processes can be run simultaneously  (in 
parallel), this solution may not be unique. Given this 
formulation, the new optimization problem can be 
described as follows:
1.	 Let us define a set of active processes A(t) which can 

be launched at time t.
2.	 Let C(t) ≤ N be the number of processes which can 

be launched at time t.
3.	 The execution time of all processes will now depend 

on the parallelism of their execution.
The general objective remains the same—

minimizing the total execution time (1).

2. SIMULATION MODELING  
OF ORCHESTRATION

Comparing different prioritization algorithms upon 
real data in a computing cluster can be challenging for 
several reasons. Firstly, individual experiments can take 
several hours to complete. Secondly, running multiple 
parallel processes requires significant cluster computing 
power. Therefore, it makes sense to consider a simulation 
model which would reproduce the behavior of a similar 
system while minimizing time and computational 
resources. 

The simulation of parallel execution of tasks 
with a  limited number of slots was implemented 
using a  discrete-event modeling approach with 
a  custom event scheduler based on a  priority 
queue, implemented in Python. Python was chosen 
for implementing the simulation model due to its 
combination of advantages, corresponding to the 
specifics of the research problem. This programming 
language provides a  well-developed ecosystem of 
scientific libraries which significantly simplify 
model implementation. Furthermore, Python’s 
integration with visualization tools and data 
processing capabilities simplifies model validation 
and interpretation of experimental metrics.

The operation algorithm includes four key stages. 
First, a list of running tasks is generated. At this stage, 
the program analyzes the directed acyclic graph and 
adds processes to the queue, the dependencies of 
which are already fulfilled (for example, parent nodes 
in the graph are completed or missing). The current 
priority of these processes is the highest among 
available tasks. This is implemented by checking 
the status of nodes in a  directed acyclic graph and 
sorting them according to specified prioritization rules 
(for example, based on the layer value at which the 
process is running). Second, the minimum execution 
time among all active tasks in the list is determined: 
this is the time it takes for at least one of the tasks 
to complete. Third, this value is added to the total 
pipeline execution time, thus moving the system 
forward in time by this amount. Finally, for all running 
tasks, their remaining execution time is reduced by the 
calculated minimum value. Completed processes are 
marked as completed, updating the dependency graph 
for subsequent iterations. This approach effectively 
emulates the concurrent execution of tasks, taking into 
account both the logical dependencies between them 
and the dynamics of resource allocation, providing 
flexibility for testing various prioritization algorithms 
within a single model.

Let us consider the data upon which the experiments 
will be conducted. A classic data warehouse has a layered 
structure [1, 7, 18, 19].
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Operational data storage. Stores operational, often 
current, detailed data which has not yet been aggregated. 
This layer serves as a source of operational information 
for reporting and can be directly used to build higher-
level layers.

Detailed data layer. A  centralized repository of 
integrated data collected from one or more disparate 
sources. The data is structured specifically for querying 
and analysis.

Data marts. A  subset of a  data storage focused 
on a  specific area of activity or team. Data maps are 
developed with specific needs or analysis in mind.

There are situations in which the number of layers 
may exceed three. This parameter is determined by 
the specific application conditions. However, the 
most common implementation option is three-layer 
architecture: the architecture proposed by Ralph 
Kimball [1] and the medallion architecture [13, 20].

In this study, directed acyclic graphs were generated 
to ensure maximum coverage of diverse scenarios. 
The generation was performed using the following 
methodology:

•	 Number of layers is 3. This number is most common 
when forming a data storage.

•	 The total number of nodes (processes) for each graph 
was generated according to a uniform distribution in 
the range from 250 to 400.

•	 The nodes were distributed among the layers in 
accordance with Table 1.

•	 Additionally, links were added within the layers 
of the detail layer and data marts to model 
complex transformations. Each node had up to 
two random predecessors within its layer  (the 
probability of establishing a  link was  0.1, the 
Pareto distribution for the number of links). 
After generating the links, a check for cycles was 
performed in order to exclude links that could 
cause a given cycle. The total number of links per 
node does not exceed 10.

•	 The execution time of each node was assigned 
independently, and uniformly distributed in the 
range from  100  to  5000  s. No relationship was 
established between execution time, layer, or node 
degree.

Table 1. Percentage of tables relative to the layer

Layer Share of tables

Source data storage 30–40%

Integrated repository of a structured 
data ready for analysis 30–40%

Specialized subset focused on  
a specific subject area 20–30%

In order to evaluate the performance of nine 
prioritization algorithms, each algorithm was run on 
each generated directed acyclic graph. Experiments 
were conducted for varying numbers of parallelism slots 
to assess the impact of increasing this parameter on the 
performance of the algorithm.

3. PRIORITIZATION ALGORITHMS

Task prioritization is a  process in which the 
priority level of each individual task is determined 
based upon its characteristics and relationships with 
other tasks. This priority level can be random or 
determined based on the parameters of a specific task, 
its position, and its relationships with other elements. 
Let us consider several possible prioritization 
algorithms.

Random selection. This algorithm operates on the 
principle of equal priority. This means that any process 
that can be launched at a given moment will be activated 
with equal probability. This solution is not optimal and 
is more of a baseline solution used for comparison with 
alternative approaches.

Minimum execution time. Processes with the 
shortest execution time are executed first.

Maximum execution time. Processes with the 
longest execution time are executed first.

Maximizing the number of dependencies. The 
algorithm is based on the number of processes dependent 
on each process.

Hybrid time algorithm. This approach divides the 
available computing slots of the ETL  system into two 
parts. The first part is allocated to execute the tasks with 
the highest priority according to the maximum execution 
time strategy. The second part is allocated to execute the 
tasks with the highest priority according to the minimum 
execution time strategy.

Recursive maximization of the number of 
dependencies. An algorithm which takes into account 
the number of dependent tasks not only of the current 
process, but also of all downstream processes that 
depend on this one.

Minimum layer level. An algorithm based on the 
layer level within which a given ETL process is executed. 
The operational layer corresponds to level 0, the detailed 
layer to level 1, and the data mart layer to level 2. If there 
are more layers, they are classified similarly according 
to the graph topology.

Maximum layer level. An algorithm which 
prioritizes processes at a higher layer level.

Linear combination. This approach integrates 
all parameters into a  single model. For prioritization, 
a linear combination of features and their corresponding 
coefficients is constructed. The following criteria 
are selected as parameters: execution time, number 
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of  dependent processes, and layer level. The resulting 
linear combination has the following form:

ti x1 + pi x2 + li x3, 

wherein x1, x2, x3 are constants, li is the layer level of the 
ith process.

When using this combination, the appropriate 
coefficients need to be selected. For this purpose, 
optimization algorithms were used, in which each 
iteration runs the simulation model with a new parameter 
vector X, resulting in the overall execution time of the 
model. This time must be minimized.

4. EXPERIMENTAL RESULTS

Based on the requirements described above, 50 graphs 
were generated representing the different architectures of 
ETL processes which fill the data storage.

Let us consider the process of selecting coefficients 
for an algorithm based on a  linear combination. 
In order to determine the optimal values for these 
coefficients, N  graphs were selected, which were run 
with predetermined coefficients xi. The objective of the 
optimization model is to minimize the total execution 
time of all N graphs. Thus, the coefficients are selected 
not for a  specific model, but rather generalized for 
various graph topologies. This approach is necessary 
because in real-world applications of the algorithm it 
may be impossible to select such parameters. 

The following methods were selected as optimization 
algorithms for solving this problem: Powell’s algorithm; 

6  https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.minimize.html. Accessed January 27, 2025.

the COBYLA method (from Constrained Optimization 
BY Linear Approximations); the Nelder–Mead 
algorithm; and the Conjugate Gradient  (CG) method. 
The implementation of these algorithms is taken from 
the SciPy library, optimize module6. The results of the 
optimization algorithms are presented in Table 2.

The best result was obtained using the Nelder–Mead 
algorithm. Based on the coefficients obtained, it can be 
concluded that this algorithm identified execution time as 
the most influential parameter for process prioritization.

The algorithm was applied to a  set of graphs not 
included in the training set. The result was the total 
processing time of all processes in these graphs for various 
values of the number of available slots parameter (Fig. 1).

Table 2. Results of solving the optimization problem 
for a linear combination

Model Iterations Execution 
time Coefficients

Powell 193 32282
2.58792896, 
2.66311897,  
−1.85081307

CG 43 32385
2.10667215 ∙ 10−5, 
4.67212040 ∙ 10−5,

0

COBYLA 26 32274
1.1580144,  
0.80662082,  
1.44364821

Nelder–Mead 109 30193
−3.68735705, 
0.75631002,

0.5
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Fig. 1. Orchestration results of the presented algorithms (colors are indicated in order from left to right)

https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.minimize.html
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Fig. 2. Tasks idle time for different algorithms

To assess the efficiency of task servicing in the 
queue, we introduce an additional metric—task idle 
time. It is calculated as the total time spent in the queue 
by tasks ready to run. The results of this metric are 
presented in Fig. 2.

The results of the study demonstrate that the 
algorithm for prioritizing tasks with maximum 
execution time provides the best overall execution time 
for ETL  processes only under conditions of limited 
parallelism. This is when the number of concurrently 
executing tasks (slots) is no more than two. Under such 
conditions, this algorithm minimizes the impact of long-
running tasks as bottlenecks, preventing their blocking 
effect on the completion of the entire queue.

However, as the degree of parallelism increases, 
the hybrid algorithm, which divides the queue into two 
equal parts—one for tasks with minimum and one for 
maximum execution time—outperforms the algorithm 
which maximizes execution time based on total execution 
time. This is due to the ability of the hybrid approach 
to efficiently allocate resources. Dedicated slots for 
short tasks enable the queue to be quickly cleared of 
small operations, while slots for long-running tasks 
ensure their continuous execution without downtime. 
Furthermore, the hybrid algorithm significantly reduces 
the idle time of tasks in the queue, when compared to 
the time-maximizing algorithm. However, it is inferior 
in this respect to the algorithm that prioritizes tasks with 
minimum execution time.

The discrepancy regarding idle time, where 
minimizing time yields the lowest values and 
maximizing time yields the highest, can be explained by 

the fundamental difference in their optimization goals. 
An algorithm which prioritizes tasks with the shortest 
execution times ensures their rapid completion. This 
dramatically reduces the waiting time for most tasks 
in the queue. An algorithm which prioritizes tasks 
with the longest execution times starts processing the 
longest tasks, forcing short operations to accumulate 
and remain idle for the entire duration of long processes. 
For example, if a  queue contains one 10-h  task and 
twenty 1-min  tasks, prioritizing long processes will 
cause all short tasks to wait for the entire duration of the 
10-h operation, creating colossal cumulative idle time.

Thus, an algorithm which prioritizes long-running 
processes optimizes the overall queue completion time 
by concentrating resources on long-running operations, 
while an algorithm which prioritizes tasks with minimal 
execution time sacrifices the processing speed of long-
running tasks in order to minimize the waiting time 
for most operations. A  hybrid algorithm mitigates this 
tradeoff, achieving a  balance between the two metrics 
while demonstrating the best result in terms of the 
duration of the entire pipeline of tasks.

CONCLUSIONS

This article proposes a  combination of 
a  methodological approach and tool solutions for 
optimizing ETL pipelines adapted to dynamic execution 
conditions. Unlike classical studies which focus on static 
prioritization or isolated algorithm analysis, the proposed 
model integrates task execution simulation, while taking 
into account resource constraints and the  topological 
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characteristics of the process chain which generates the 
data warehouse’s content.

The study demonstrated that prioritization based 
on the topology of process links is feasible and can 
reduce the overall execution time of a  data pipeline. 
Thus, the optimal choice of prioritization algorithm can 
significantly reduce overall idle time. This will impact 
the overall duration of processes, as demonstrated by 
a hybrid algorithm that divides the queue into a queue of 
tasks with the shortest execution time and those with the 
longest execution time.

The results of the study have significant practical 
value for optimizing the design and operation of 
ETL  processes in modern data warehouses and data 
lakes. The developed hybrid prioritization algorithm 
demonstrated experimental results which reduced the 
overall execution time of data pipelines by  15–17% 
compared to alternative algorithms. A key advantage for 
its practical implementation is the architectural flexibility 
of the algorithm. It can be implemented as a  custom 
component for popular open-source orchestration 
systems, such as Apache Airflow. This integration 
enables increased efficiency in the utilization of cluster 
computing resources with minimal modifications to the 
existing infrastructure.

A promising area for further research is the 
development and evaluation of adaptive prioritization 
algorithms capable of dynamically accounting for the 
current load of centralized data storage computing 

resources in real time. While a  strategy based on 
maximum task duration has proven effective under static 
conditions, ETL  pipeline performance largely depends 
on the actual availability of resources such as computer 
cores, memory, disk subsystem bandwidth, and network 
capacity, which can fluctuate significantly during 
execution. Integrating resource monitoring systems 
and using these dynamic metrics as additional input 
parameters for the prioritization algorithm will pave 
the way for more flexible and responsive systems. This 
approach will potentially enable the optimization of task 
allocation not only at the planning stage but also during 
execution. This will also promptly increase the priority 
of tasks, the execution of which can be accelerated 
by a  temporary surplus of a  particular resource, or by 
downgrading resource-intensive tasks during peak load 
periods. This will thereby minimize overall execution 
time and reduce the risk of downtime due to resource 
shortages. The study of the effectiveness of various 
strategies for combining predicted task durations with 
actual resource metrics is of significant scientific and 
practical interest.
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