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With the increasing complexity of artificial intelligence and modern software systems, the 

selection of software technology stacks has developed from a simple technical problem 

into a comprehensive decision-making issue involving performance, maintainability, 

compatibility and AI ecological adaptability. This thesis adopts a combination of narrative 

literature review and design science research (DSR) to analyze the key factors affecting the 

selection of software technology stacks and conducts practical verification through the 

construction of an Sloan Digital Sky Survey(SDSS) star spectrum classification web 

system. The research shows that technical factors, organizational factors and AI ecological 

consistency jointly affect technology stack decision-making. In the practical part, this 

thesis realizes a deep learning spectrum classification system based on technologies such 

as FastAPI, PyTorch, Astropy and JavaScript. The experimental results show that the 

system has good real-time performance and stability. The research further shows that in 

AI-driven software systems, a unified technology ecosystem can effectively reduce system 

complexity and improve development efficiency and maintenance capability. In the future, 

AI-assisted development tools will further affect the selection logic of software technology 

stacks. 
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1  Introduction  

In contemporary software engineering, the selection of technology stacks is one of the most 

critical decisions in the early stage of a project. The technology stack consists of 

programming languages, frameworks, libraries, databases and runtime environments, which 

determine the performance, maintainability, scalability and cost structure of the system 

(Upadhyay, 2016; Nikulchev, Ilin and Gusev, 2021). “Architectures allow or preclude nearly 

all of the system’s quality attributes. This leads to the most fundamental truth about 

architecture evaluation: If architectural decisions determine a system’s quality attributes, 

then it is possible to evaluate architectural decisions with respect to their impact on those 

attributes.” (Clements, Kazman, & Klein, 2001, p. 20) A reasonable technology stack not 

only affects the technical quality of the software but also determines the production 

efficiency and product life cycle management of the development team. 

However, with the growth in the size and complexity of software systems, this situation has 

evolved. “The software architecture of a system is the result of a set of architectural 

decisions.” (Tofan et al., 2014, p. 850). This decision-making process is no longer just a 

technical comparison, but a multi-dimensional balancing process involving factors such as 

technology, organization and manpower.  

1.1  Background and Research Motivation 

Early software architecture research usually began with the choice of architectural style. 

Moaven et al. (2008) proposed a decision support system (DSS), which uses fuzzy logic to 

assist architects in multi-criteria selection among different architectural styles. This method 

was later extended to the field of system decision-making. Upadhyay (2016) proved the 

feasibility of balancing performance, maintainability and organizational requirements in 

architecture evaluation through the Systematic Decision-Making Framework (SDMF). 

At the same time, the academic community began to pay attention to the systematic analysis 

of the software architecture decision-making (SADM) process. Tofan et al. (2014) 

summarized the development trend of architectural decision-making research in systematic 

mapping research and pointed out that the core problem of the decision-making process lies 
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in the complexity and insufficient traceability of information. Razavian et al. (2019) further 

found through empirical research that team experience, knowledge sharing and 

organizational culture play a decisive role in architectural decision-making. 

Capilla et al. (2016) pointed out from the perspective of architectural knowledge 

management (AKM) that capturing and reusing decision-making knowledge is of great 

significance to improving the quality of technical selection. The “decision view” theory 

proposed by Dueñas and Capilla (2005) regards software architecture as a series of traceable 

design decisions, providing a structured method for analyzing the selection of technology 

stacks. “We do not view a software architecture as a set of components and connectors, but 

rather as the composition of a set of architectural design decisions.” (Bosch, 2004, p. 197) 

In recent years, researchers have begun to explore technology stack decision-making from 

the perspective of quantitative modeling and emerging technologies. Nikulchev et al. (2021) 

proposed a technology stack selection model for digital platforms, which is mathematically 

evaluated based on parameters such as performance, compatibility and adaptability. 

Meanwhile, Zhang et al. (2025) pointed out in their research on “AI coding proficiency” that 

AI tools (such as large language models, LLMs) have become a new dimension affecting 

technology selection — the applicability of a technology depends to some extent on whether 

the AI system can effectively generate, debug and optimize related code. 

These studies together reveal that the selection of the technology stack is no longer just the 

experiential judgment of engineers, but a comprehensive decision-making process that 

integrates technical performance, organizational resources and AI assistance capabilities. 

1.2  Research Problems and Key Points 

Although the number of relevant studies is increasing, most of the existing literature focuses 

on a single level (such as technical performance or organizational management) and lacks a 

systematic comparison of the relationship between different influencing factors. Although 

the academic community has proposed a variety of decision-making support models, there 

are still the following shortcomings in the analysis of influencing factors: 

• Lack of a systematic review of the main factors affecting the selection of technology 

stacks and their interactions; 
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• Lack of comparison of the consistency and differences in the results of different 

research methods (empirical research, model analysis, systematic review); 

• The research on the emerging impact dimension after the introduction of AI 

technology is still in the preliminary stage. 

Therefore, this study does not aim to put forward a new framework or model, but to identify, 

summarize and compare the key factors affecting the selection of software technology stacks 

through a comprehensive analysis of existing academic literature, and explore the 

manifestations and common patterns of these factors in different studies. 

The focus of this research is: 

• Summarize the main research results of the academic community on the selection of 

technology stacks; 

• Analyze the technical, organizational and AI-related factors that affect decision-

making; 

• Evaluate the impact of different research methods on the reliability and applicability 

of research results. 

1.3  Research Questions 

In order to achieve the above research objectives, this study intends to answer the following 

three research questions: 

Question 1: What key factors are considered to affect the choice of software technology 

stacks in current academic research? 

Question 2: Are the interpretations of these factors consistent in different types of studies 

(such as systematic reviews, empirical research and model analysis)? 

Question 3: In recent years, has the rise of AI and automation technology introduced new 

factors affecting technology stack decision-making? 

By answering these questions, this study aims to reveal the structure of the comprehensive 

factors affecting the selection of software technology stacks from an academic perspective 

and provide a systematic reference for future theoretical research and engineering practice. 
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2  Research Method 

In this chapter, we present the literature review as a method to support the theoretical 

foundation of this research. Through a systematic examination of existing research on 

technology stack selection, this chapter clarifies how to collect, explain and synthesize prior 

knowledge to guide subsequent analysis. 

2.1  What Is a Literature Review in General 

A literature review is a research method that systematically identifies, analyzes and 

synthesizes academic achievements related to specific research topics. The purpose is to 

integrate existing knowledge, reveal research gaps, and lay the theoretical foundation for 

new research (Templier & Paré, 2015). In the field of information systems and software 

engineering, a literature review is not only a preparation step for empirical research, but also 

an independent form of research that provides a systematic understanding for theoretical 

development (Webster & Watson, 2002). A high-quality literature review should have 

scientific rigor, criticality and consistency; that is to say, the research problems, data sources 

and analysis methods of the review need to correspond logically to each other. According to 

the research of Paré et al. (2015), literature reviews in the field of information systems can 

be divided into many types, including systematic literature review, systematic mapping 

research, scope definition review, meta-analysis and narrative review. Different types of 

reviews have different research objectives: systematic reviews emphasize strict process 

control and repeatability; scope definition reviews emphasize thematic exploration and 

knowledge coverage; and narrative reviews are more suitable for analyzing complex, 

interdisciplinary or research topics that have not yet formed a unified theoretical framework 

(Paré et al., 2015; Templier & Paré, 2015). 

2.2  What Is a Narrative Literature Review 

A narrative literature review is a literature research method characterized by qualitative 

analysis and explanatory integration. It does not rely on quantitative or statistical summaries 
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but establishes an overall understanding of the research phenomenon through thematic 

induction, theoretical comparison and logical reasoning (Templier & Paré, 2015). This 

method allows researchers to integrate different types of literature covering a wide range of 

fields, including theoretical research, model analysis and empirical cases, so as to find 

conceptual links between different research results. Paré et al. (2015) pointed out that 

narrative reviews emphasize the depth of explanation and analytical flexibility of research, 

especially in areas where the theory is immature or the research methods are highly 

heterogeneous. The key is to reveal the inherent connections and common patterns between 

different studies through logical analysis and critical comparison, so as to provide a 

systematic perspective for subsequent theoretical development and practical application. 

2.3  Why Is Narrative Literature Review a Good Fit for This Research 

The topic of this research is “Factors Affecting the Selection of Software Technology 

Stacks”, with obvious interdisciplinary characteristics, covering the fields of software 

architecture decision-making, information system management, organizational behavior and 

AI-assisted development. There are significant differences in research objectives, 

methodologies and theoretical perspectives in relevant literature, including empirical 

research, framework construction and model analysis. Therefore, this study needs a method 

that can be compatible with different types of research and emphasizes conceptual 

integration and depth of interpretation. Narrative literature review provides a suitable 

theoretical and methodological basis for this. Compared with a systematic review, a narrative 

literature review is more flexible in the scope of research and can dynamically adjust the 

retrieval strategy and analysis focus according to the evolution of the theme in the analysis 

process, so as to adapt to the complex situation of the intertwining of technology and 

organizational factors. In addition, the narrative review allows researchers to make 

theoretical inferences and contextual interpretations when comparing research results, so that 

this study can systematically identify the key factors affecting the selection of technology 

stacks and reveal the differences in their performance in different research situations. 
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2.4  Literature Review Process in This Study 

The narrative literature review process of this study follows the general literature review 

steps proposed by Templier and Paré (2015). First of all, at the stage of determining the 

research problem, the researchers clarified the core goal of this study, that is, to identify and 

compare the main factors affecting the selection of software technology stacks by analyzing 

existing research results. Secondly, in the literature retrieval stage, this study mainly uses 

databases such as Scopus, IEEE Xplore, SpringerLink, ScienceDirect and Google Scholar 

to ensure the breadth and academic reliability of literature sources. 

In addition, in terms of search term selection, keyword combinations related to the research 

topic are used.  

technical stack selection 

software stack decision-making 

software architecture decision-making 

software component selection 

decision support system 

AI-assisted software development 

 

The time range of literature retrieval is set from 2004 to 2025, covering the main academic 

achievements from early architecture decision-making research to contemporary AI-assisted 

development. In the literature screening stage, this research only includes peer-reviewed 

academic papers, excluding informal publications or engineering reports that only involve 

technical implementation; at the same time, priority is given to publications in high-quality 

journals (such as Journal of Systems and Software, Information and Software Technology, 

Mathematics, etc.) and documents from international conferences such as ICSE and EWSA. 

Finally, in the stage of data extraction and comprehensive analysis, the researchers 

summarized and compared the research objectives, methods and conclusions of the selected 

literature, and summarized the types and relationships of influencing factors according to the 

three dimensions of technology, organization and AI drive.  
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3  Results 

This research systematically analyses 18 core academic studies from 2004 to 2025. The 

research topics cover Software Architecture Decision-Making, component and open-source 

software evaluation (Component and Open-Source Evaluation), Technology Stack 

Modeling and AI-Assisted Development, and other directions. These documents mainly 

come from authoritative publishing institutions such as Elsevier, Springer, IEEE, MDPI and 

AIS, and have high representativeness and influence. 

3.1  Distribution of Time and Research Types  

From the perspective of time, the relevant research shows a trend of continuous growth and 

gradual diversification (see Table 1). 

Table 1. Temporal Trends and Evolution of Research Types 

Period Main 

year 

range 

Representative research Annual average number 

of literature 

Early 

Exploration 

Period 

2004–

2010 

Bosch (2004), Moaven (2008) ≈1 

Theoretical 

deepening 

period 

2011–

2018 

Tofan (2014), Dasanayake (2015), Hanine 

(2016), Upadhyay (2016) 

≈1–2 

Diversified 

integration 

period 

2019–

2025 

Razavian (2019), Lenarduzzi (2020), Zhang 

(2022), Zhang (2025) 

≈2–3 

 

2004–2010 was the foundation stage of the research. During this period, although the number 

of studies was limited, the research paradigm of “software technology selection = 

architecture decision-making + multi-criteria trade-off” was established. 
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Bosch (2004) proposed for the first time that software architecture should be regarded as a 

collection of decision-making systems, emphasizing the traceability and rationalization of 

design activities. Dueñas and Capilla (2005) further proposed the “Decision View” model to 

transform architectural description into structured decision-making units; Boehm (2006) 

pointed out that the core of software engineering decision-making is the trade-off between 

complexity, economy and risk, which laid the foundation for multi-objective modeling. 

Moaven et al. (2008) introduced fuzzy logic into architectural style selection for the first 

time and used the DSS to realize the transformation from empirical judgment to system 

evaluation. 

2011–2018 is the stage of theoretical deepening and framework expansion. The systematic 

mapping study by Tofan et al. (2014) shows that the research focus of the academic 

community has gradually shifted from tools and methods to process mechanisms and 

knowledge management. Capilla et al. (2016) proposed the framework of AKM, 

emphasizing the recording, reuse and traceability of decision-making knowledge; Upadhyay 

(2016) built a SDMF, which provides a computable weight model for the selection of 

technology stacks. In general, the academic community has realized the transformation from 

“technical evaluation” to “systematic decision-making”. 

In 2019–2025, the field entered the stage of diversified integration and intelligence. 

Razavian et al. (2019) analysed architectural decision-making from the perspective of 

sociotechnical systems for the first time, revealing the key impact of team experience, 

communication structure and organizational culture on decision-making results. Nikulchev 

et al. (2021) evaluated the performance, compatibility and adaptability of the digital platform 

technology stack through mathematical modeling, marking the systematization and 

quantification of the decision-making model. Subsequently, Zhang et al. (2022) introduced 

AI into the field of architectural decision-making, focusing on model interpretability and 

adaptability. Zhang et al. (2025) put forward the concept of “AI coding proficiency”, 

pointing out that the difference in the generability of programming languages and 

frameworks in AI models will affect the strategic technology choices of organizations. 

At this stage, the number of studies continues to rise, indicating that the academic 

community has regarded the selection of technology stacks as a comprehensive decision-

making system integrating technology, organization and intelligent mechanisms. 
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3.2  RQ1: Key Factors Affecting the Selection of Software Technology Stack 

It can be seen from the comprehensive literature that the factors affecting the selection of 

technology stacks can be roughly divided into three categories: technical, organizational and 

strategic. The research evolution reflects the transformation from one-dimensional 

performance indicators to multi-dimensional interactive systems. 

Technical factors are the core of early research. Moaven et al. (2008) and Upadhyay (2016) 

emphasize the importance of performance, scalability and compatibility; Nikulchev et al. 

(2021) introduce system adaptability and reliability weights in digital platform modeling, 

revealing the qualitative amplification effect of the interdependence between modules on the 

overall stability; Nabot (2024) puts forward quantitative indicators such as reusability, 

integration and standardization to make the comparison at the technical level more refined. 

Organizational factors gradually became the focus of research after 2010. Tofan et al. (2014) 

pointed out that team experience, communication structure and knowledge flow mechanisms 

have a significant impact on decision-making consistency; Capilla et al. (2016) and Razavian 

et al. (2019) emphasized from the perspective of knowledge management that architectural 

decision-making is not only a rational analysis process, but also the embodiment of 

organizational learning and knowledge coordination. Organizational factors often amplify 

or weaken the rationality of technical selection, which directly affects the success rate of 

long-term projects. 

Strategic factors reflect the economic and sustainability dimensions of technology selection. 

Boehm (2006) and Nikulchev et al. (2021) both pointed out the importance of cost 

constraints, supplier locking and strategic matching; Li et al. (2022) further put forward 

ecological indicators such as open-source community activity, license restrictions and 

maintenance cycles. 

In general, the academic community has gradually formed a consensus: the selection of 

technology stacks is a systematic decision-making process that balances performance, 

knowledge and strategy, and its complexity comes from the dynamic coupling of multi-

dimensional factors. 
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3.3  RQ2: Differences in the Interpretation of Influencing Factors in Different 

Types of Research 

There are significant differences in the understanding of the above factors in different types 

of studies, reflecting the theoretical migration of the academic community from the “rational 

model” to “situational understanding”. 

“The reasoning process of software architects is rather ad hoc and is not supported by typical 

software engineering processes and tools.” (Capilla et al., 2016, p. 191) This means that 

there is a gap between theory and practice. 

Theory- and model-oriented research (such as Moaven, Upadhyay, Nikulchev, etc.) assumes 

that decision-making is rational and quantifiable, and constructs weighted models through 

analytic hierarchy process (AHP), fuzzy reasoning and multi-criteria decision-making 

(MCDM), among other methods, to achieve standardized selection. However, such studies 

often ignore the incompleteness of information and behavioral deviations in real 

organizations. 

Empirical research (such as Tofan, Razavian, etc.) focuses on the dynamic characteristics of 

the decision-making process, revealing that technical selection is often affected by social 

constraints such as communication mechanisms, role division and project stage. Decision-

making often reflects “limited rationality”, which is more based on local optimality and 

empirical inertia than global optimality. 

Methodological and framework research (such as Capilla, Boehm, Zhang, etc.) try to bridge 

the gap between rationality and situation. They combine quantitative analysis with 

contextual information through knowledge management systems, traceable tools and AI-

assisted evaluation mechanisms to form an operable practical template. 

Overall, this multi-level research pattern has promoted the field from “idealized decision-

making” to “practical understanding”, marking the systematization and cross-layer 

integration of technology stack selection research. 
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3.4  RQ3: New Influencing Factors Brought About by AI and Automation 

After entering 2020, AI and automation technology have significantly reshaped the logic and 

boundaries of technology stack decision-making. 

As Zhang et al. (2022, p. 7) state, “Performance, accounting for more than 35%, is the 

dominant quality attribute considered by practitioners.” This means that performance is one 

of the most important factors. Zhang et al. (2022) further emphasize that the evaluation 

standards in the AI-driven environment should include learning efficiency and model 

interpretability. 

The concept of “AI coding proficiency” proposed by Zhang et al. (2025) shows that the AI 

compatibility of languages and frameworks is becoming the focus of a new round of 

competition. For example, the high generability of Python and JavaScript makes them more 

advantageous in intelligent development projects. 

In addition, the popularization of AI has also promoted organizational change in the 

decision-making process. Zhang et al. (2022) found that with the intervention of AI tools in 

architectural evaluation, the decision-making mode is changing from “expert-led” to 

“human-computer collaboration”, and teams obtain auxiliary judgments through algorithm 

analysis and knowledge base retrieval. This not only changes the way knowledge flows but 

also reshapes the power structure and division of responsibilities within the organization. 

In summary, AI and automation have brought three new dimensions of impact. First, AI 

adaptability, that is, whether the technology stack can be seamlessly integrated with 

intelligent generation, testing and maintenance tools; second, automation compatibility, that 

is, the degree of coupling between the technology stack structure and continuous 

integration/deployment (CI/CD) and cloud platforms; and finally, human-computer synergy, 

that is, the balance mechanism between algorithm assistance and manual judgment. 
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4  DSR Practice Validation 

The previous chapter summarizes the main factors affecting the selection of software 

technology stacks through literature review, including performance, maintainability, 

compatibility and AI ecological adaptability. However, most of these research conclusions 

are based on theoretical analysis, and their actual performance in the real software 

development environment still lacks practical verification. Therefore, this chapter adopts the 

DSR method to verify the influencing factors of the technology stack summarized above by 

developing an SDSS star spectrum classification web application system based on deep 

learning. This chapter will focus on the system goal, architecture design, technology stack 

selection, system implementation and experimental evaluation process, and analyze the 

application performance of the technology stack in AI-driven web applications through 

actual development results. 

4.1  Introduction to DSR Methodology 

DSR is a problem-solving research paradigm widely used in the field of information systems. 

Its core goal is to solve practical problems in the real world by designing and building 

innovative artifacts, and in the process form reusable design knowledge. 

According to the definition of Vom Brocke, Hevner and Maedche (2020), DSR originates 

from engineering and the “Sciences of the Artificial” theory, which is essentially a design-

oriented research paradigm. Unlike traditional behavioural science research that emphasizes 

the interpretation of real-world phenomena, DSR pays more attention to “how to build 

effective solutions”, that is, by building Models, Methods, Constructs and System Instances 

to expand the capabilities of human beings and organizations. This research paradigm 

emphasizes the combination of research and practice, so it is especially suitable for research 

scenarios such as software engineering, information systems and AI application systems that 

need to take into account both theoretical value and engineering realization. 
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In the field of information systems, DSR is considered a research method with both 

theoretical and practical contributions. On the one hand, DSR can form new design 

knowledge through the design and realization of artifacts, and further develop into a 

universal design theory; on the other hand, DSR can also provide operational solutions for 

real problems through actual system development. Therefore, compared with only 

theoretical analysis or simple case studies, DSR is more suitable for studying technical 

selection problems in modern software systems, because technology stack selection itself 

not only involves theoretical architectural decision-making, but also involves engineering 

practice in the real development environment. 

Hevner et al. (2004) pointed out that the DSR Framework is mainly composed of three parts: 

Environment, Knowledge Base and Design Cycle. Among them, Environment refers to the 

problem environment in the real world, including organizational needs, technical conditions 

and application scenarios; Knowledge Base refers to existing theories, methods and technical 

knowledge; while Design Cycle includes the process of Artifact Build and Evaluate. The 

framework emphasizes that DSR needs to ensure both relevance and rigor in research, that 

is, it is necessary not only to solve real problems, but also to carry out design activities based 

on existing academic knowledge. 

In terms of the specific research process, this study mainly refers to the Design Science 

Research Methodology (DSRM) process model proposed by Peffers et al. (2007). This 

model divides the DSR process into six stages, including Problem Identification and 

Motivation, Define the Objectives for a Solution, Design and Development, Demonstration, 

Evaluation, and Communication. 

4.2  Problem Identification and Motivation 

With the continuous growth of the scale and complexity of modern software systems, the 

selection of software technology stacks has gradually evolved from a simple technical 

implementation problem to a comprehensive architecture decision-making problem. 

Especially under the background of the rapid development of AI and machine learning 

systems, the logic of technology selection in traditional software development is changing 

significantly. In the past, software systems were usually built around databases, business 

logic and user interfaces, and their technical selection mainly focused on traditional software 
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engineering indicators such as performance, stability and development cost. However, in AI-

driven systems, the system not only needs to support traditional web service functions, but 

also needs to take into account new technical needs such as model training, scientific data 

processing, real-time inference and model deployment. 

Although existing research has analyzed the problem of technology selection from the 

perspective of software architecture decision-making, technology stack modeling and 

organizational decision-making, most of the studies are still stuck at the theoretical analysis 

or decision-making model stage, lacking practical verification based on the real AI system 

development process. Especially when it comes to machine learning frameworks, deep 

learning model deployment and scientific computing ecosystems, the compatibility 

problems between different technical components are often difficult to fully explain through 

traditional theoretical models. For example, in the actual development process, the 

collaborative efficiency between programming languages, model frameworks, data 

processing tools and web service frameworks will directly affect the complexity of system 

development and subsequent maintenance costs. 

At the same time, the technology stack in AI systems also shows obvious ecological 

dependence. Compared with traditional web applications, AI-driven systems rely more on a 

unified development ecosystem. For example, tools such as PyTorch, NumPy, SciPy and 

Astropy can share a unified data structure and operating environment, thus reducing the 

additional conversion costs in the process of model deployment and data processing. If there 

is a lack of good ecological compatibility between technology stacks, it may lead to 

increased system complexity, enhanced module coupling, and decreased deployment 

efficiency. Therefore, the selection of technology stacks in modern AI systems is no longer 

just a comparison of the performance of a single framework, but a comprehensive trade-off 

of the synergy between multiple technical components. 

In addition, in software engineering practice, many technology selection problems are 

obviously dynamic and situationally dependent. There are large differences in the demand 

for technology stacks in different system scenarios. For example, high-concurrency 

enterprise systems may pay more attention to scalability and distributed capabilities, while 

AI inference systems may pay more attention to scientific computing power and model 

deployment efficiency. Therefore, it is difficult to fully explain the actual decision-making 
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logic in the selection of modern technology stacks by relying only on static theoretical 

analysis. 

Based on the above problems, this study focuses on the technology stack coordination 

problem in the AI-driven web system, and takes the SDSS star spectrum classification 

system as a specific practical scenario. The system needs to support FITS scientific data 

reading, spectral data preprocessing, deep learning model inference and web visualization 

interaction at the same time, so it has the characteristics of a typical AI system. The system 

development process involves many technical components such as FastAPI, PyTorch, 

Astropy, SciPy and JavaScript front-end frameworks. Its development process can better 

reflect the problem of technology stack selection in modern AI-driven systems. 

Based on the DSR methodology, this study further transforms the above problems into 

verifiable engineering practical tasks, that is, by building a complete AI-driven web 

application system, this study conducts practical verification of key influencing factors in 

technology stack selection, and analyzes the consistency between theoretical research and 

real software engineering practice. 

4.3  Objectives of the Artifact 

The artifact developed in this study needs to meet both functional and non-functional needs. 

At the functional level, the system needs to support users to upload SDSS FITS spectrum 

files and automatically complete spectral data reading, data preprocessing, neural network 

inference and classification result output. The system needs to be able to identify spectral 

data of different lengths and convert it into fixed-length input through a unified data 

processing process to meet the input requirements of deep learning models. In addition, the 

system also needs to support the visualization of wavelength and spectral flux curves, so as 

to improve the interpretability of the result display. 

In terms of non-functional requirements, the system needs to have good real-time response 

ability to meet the performance requirements of machine learning inference web applications. 

The system architecture needs to have a clear module division to improve the subsequent 

maintenance and expansion capabilities. At the same time, the system also needs to maintain 

compatibility between different components to reduce the system coupling in the process of 
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model deployment and data processing. In addition, since the system involves machine 

learning model inference, the system also needs to be able to adapt to the AI and scientific 

computing-related technology ecosystem to support model loading, numerical computing 

and inference service deployment. 

The requirements of the artifact are shown in Table 2. 

Table 2. Functional and Non-functional Requirements 

Requirement Type Description 

Functional FITS upload 

Functional Spectrum classification 

Functional Result visualization 

Non-functional Real-time inference 

Non-functional Maintainability 

Non-functional AI ecosystem compatibility 

 

Since the core goal of this research is to verify the key influencing factors in the selection of 

technology stacks, the entire architectural design and technical implementation of the artifact 

revolve around performance, compatibility, maintainability and AI ecological adaptability. 

4.4  Artifact Design 

The system developed in this study adopts a typical client-server architecture. The whole 

system consists of a front-end display layer, a back-end API service layer, a data 

preprocessing layer and a machine learning inference layer. 

The front-end part is implemented using HTML, CSS and Vanilla JavaScript. The front-end 

is mainly responsible for user interaction, file uploading and classification result display. 

Users can upload .fits files through drag-and-drop, and the system then sends the files to the 

back-end /predict interface through Fetch API. Due to the relatively simple front-end logic 

of the system, this study does not use large-scale front-end frameworks such as React or Vue, 
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but adopts lightweight implementation to reduce development complexity and system 

dependence. 

The back-end part uses FastAPI to implement REST API services. FastAPI is a Python-

based asynchronous web framework that supports high-performance API request processing 

and is more compatible with machine learning deployment environments. The back-end is 

mainly responsible for receiving uploaded files, data preprocessing, model loading and 

model inference tasks. 

The spectral data processing modules in the system are mainly implemented by Astropy, 

NumPy and SciPy. Since the spectrum files in the SDSS data set are in the FITS format, the 

system uses Astropy to read the spectral data in the FITS file. After the reading is completed, 

the system extracts the wavelength and flux data, and completes the data interpolation 

through the interp1d method in SciPy. Because the spectral lengths in different FITS files 

are not uniform, the system needs to map data of different lengths to a unified wavelength 

range. The system eventually resamples the spectral data into a fixed-length 3500-point 

sequence to meet the input requirements of the neural network. 

In the machine learning section, this study uses the ResNet1D model based on PyTorch to 

complete the star spectrum classification task. ResNet1D is a one-dimensional convolutional 

residual neural network. Its core structure consists of multiple one-dimensional 

convolutional layers, residual connections, Group Normalization and Dropout layers. Since 

the stellar spectrum is a typical one-dimensional continuous sequence dataset, the one-

dimensional convolutional network can effectively extract local features and spectral line 

changes in the spectrum. 

The model input is the spectral sequence after standardized processing, and the output is the 

probability distribution of the three star types F, G and K. The system finally outputs the 

maximum probability category through Softmax as the prediction result and returns the 

corresponding confidence at the same time. 

The overall structure of the system is shown in Figure 1. 
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Figure 1. Overall Structure of the Artifact Design 

4.5  Technology Stack Selection 

The technology stack selection in this study is mainly determined based on system 

performance, AI ecological compatibility and development and maintenance complexity. 

The back-end part adopts FastAPI as the core web framework. Compared with traditional 

Python web frameworks such as Flask, FastAPI has higher request processing performance 

and supports asynchronous API architecture. At the same time, FastAPI has good 

compatibility with the Python AI ecosystem, so it can directly integrate machine learning 

and scientific computing libraries such as PyTorch, NumPy, SciPy and Astropy, thus 

reducing the complexity of model deployment. 

The machine learning part adopts PyTorch as a deep learning framework. PyTorch provides 

a dynamic computational graph mechanism and supports flexible neural network structure 

definition. Since the spectral classification task in this study belongs to the sequence 

classification problem, the system adopts the ResNet1D network structure to complete the 

feature extraction and classification tasks. 

In the data processing part, this study uses Astropy to read FITS files. Since FITS is the 

standard data storage format in astronomy, Astropy can directly parse the spectral data 
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structure. NumPy and SciPy are mainly used for numerical calculation and data interpolation 

processing. 

The front-end part is implemented using HTML, CSS and Vanilla JavaScript. Since the 

front-end of the system is mainly used for file uploading and result display, the lightweight 

implementation can reduce the complexity of the front-end. In addition, the system uses 

Chart.js to complete the visualization of the spectral curve to realize the dynamic line chart 

display between wavelength and flux. 

The main technology stacks used in this study are shown in Figure 2. 

 

Figure 2. Technology Stack Layer Diagram 
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4.6  Implementation 

The system development process first completes the front-end and back-end infrastructure 

construction. The front-end implements the file upload function through JavaScript Fetch 

API, and the back-end implements the /predict API interface through FastAPI. The system 

uses the multipart/form-data format to transmit FITS files and complete front-end and back-

end communication through the asynchronous request mechanism. 

In the data processing stage, the system first verifies whether the uploaded file is in .fits 

format. After the verification is completed, the system uses Astropy to open the FITS file 

and read the spectral data in it. The system then extracts wavelength and flux information 

and uses the interpolation method in SciPy to resample the spectral data. Since the model 

input requires a fixed-length sequence, the system uniformly maps all input data to the 

wavelength range of 3600Å to 9200Å and generates an input vector with a length of 3500. 

After completing the data preprocessing, the system calls the pre-trained ResNet1D model 

for inference. The model parameters are saved in the form of .pth files and loaded when the 

FastAPI service is started. During the inference process, the system first converts the input 

data into a PyTorch Tensor and then completes the forward propagation calculation through 

the neural network and outputs the classification probability. 

In order to improve the stability of the system, this study also adds error handling and status 

detection functions. The system only allows uploading .fits files and can return HTTP error 

messages when the file format is wrong. In addition, the system also adds a /health interface 

to detect the running status of the model and back-end services. 

In the front-end display part, the system can display the prediction category, prediction 

confidence and model inference time in real time. At the same time, the system also draws 

the wavelength-flux line diagram through Chart.js to realize the visualization of spectral data. 
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Figure 3. User Interface of the SDSS Spectra Classifier 

 

Figure 4. User Interface of Classification Result and Spectrum Visualization Result  

4.7  Evaluation 

In order to verify the operation of the system, this study used multiple SDSS spectral samples 

for testing. During the test, the system successfully completed the classification task of the 
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three types of star spectra of F, G and K, and returned the corresponding prediction results, 

prediction confidence and model inference time. 

The experimental test results are shown in Table 3. 

Table 3. Experimental Evaluation Results 

Test Case Predicted Class Confidence Inference Time 

T1 G 98.36% 18.94 ms 

T2 K 98.38% 26.38 ms 

T3 K 98.34% 21.96 ms 

T4 F 98.00% 30.53 ms 

T5 F 70.25% 31.38 ms 

T6 G 97.87% 28.02 ms 

 

According to the experimental results, the system can stably complete real-time inference 

tasks in the local environment. The inference time of the test sample is maintained in a low 

range, and the prediction results of most samples have a high degree of confidence. The 

system can successfully complete the process of file uploading, data processing, model 

inference and result return during the testing process. 

In order to further evaluate the operation of the system, this study calculates the average of 

the test results, which are shown in Table 4. 

Table 4. Average Evaluation Metrics 

Metric Value 

Average Confidence 93.53% 

Average Inference Time 26.20 ms 
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Judging from the system implementation process, the front-end and back-end separation 

architecture can support modular development. The back-end implements API routing, 

model definition and data processing in different modules, and the front-end separates the 

page structure, style and interaction logic. The machine learning models, data processing 

modules and API services in the system can run in a unified Python environment. 
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5  Discussion 

Based on the results of the previous literature review and the practical verification results of 

DSR, this chapter further discusses the key influencing factors in the selection of software 

technology stacks. Compared with the fourth chapter, which mainly focuses on system 

design, implementation process and experimental results, this chapter pays more attention to 

the meaning behind the research results and the relationship between theoretical research 

and engineering practice. At the same time, this chapter will also analyse the changes in the 

future technology stack selection mode in combination with the current development trend 

of AI-driven software systems. 

5.1  Multi-Dimensional Influencing Factors in Technology Stack Selection 

The results of this study show that the selection of software technology stacks is no longer a 

single technical decision-making problem in the traditional sense, but a multi-dimensional 

decision-making process that is jointly affected by performance, maintainability, 

compatibility, organizational environment and AI technology ecology. Through the previous 

literature review, it can be found that the early research mainly regarded the selection of 

technology stacks as a technical optimization problem in software architecture design, and 

the research focused on indicators such as system performance, scalability and reliability. 

However, with the increasing complexity of software systems, technology selection has 

gradually begun to be affected by organizational factors such as teamwork, knowledge 

management and development processes. 

In the DSR artifact developed in this study, it can be clearly observed that there is a mutual 

coupling relationship between different influencing factors. For example, the choice of 

FastAPI is not only due to its high API request processing performance, but also because it 

can form integration with Python AI ecosystem tools such as PyTorch, NumPy, SciPy and 

Astropy. This means that the “compatibility” in the selection of the technology stack is not 

only a question of whether the components can be connected, but also involves the 

coordination ability between different technology ecosystems. 
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At the same time, the results of this study also show that maintainability is more important 

in AI-driven systems than in traditional web applications. The business logic in traditional 

web systems is usually relatively stable, while the model structure, data processing processes 

and training parameters in AI systems may change frequently. Therefore, if the system 

architecture lacks modular design, the cost of subsequent model updates and system 

maintenance will increase rapidly. The front-end and back-end separation structure and 

modular data processing process in this study reduce the system coupling to a certain extent, 

so that model updates and data processing adjustments can be completed without affecting 

the whole system structure. 

In addition, the results of this study also show that although performance is still a basic 

indicator in technology selection, its meaning in AI-driven systems has changed. In 

traditional web systems, performance usually refers to database query efficiency, concurrent 

processing capacity and page response time, while in AI-driven systems, model inference 

speed, data preprocessing efficiency and GPU/CPU resource utilization also directly affect 

the overall system performance. Therefore, the performance problem in AI systems has 

actually expanded from a simple software engineering problem to a comprehensive problem 

of “software architecture + machine learning inference”. 

The experimental results in this study also further show that there is no absolute optimal 

scheme for technology stack selection, but that it needs to be dynamically balanced 

according to the system objectives. For example, although the use of higher-performance 

low-level languages may further reduce inference time, it may increase the complexity of 

model deployment and the difficulty of system maintenance. Therefore, in AI-driven 

systems, development efficiency, ecological compatibility and model integration ability 

often need to be weighed against pure performance indicators. 

5.2  Changes in Technology Stack in AI-Driven Systems 

The results of this study further show that AI technology is changing the traditional software 

technology stack selection logic. The previous literature review has pointed out that in recent 

years, research has gradually begun to pay attention to new concepts such as AI adaptability 

and AI coding proficiency. The DSR artifact in this study further verifies the importance of 

these new factors in actual system development. 



34 
 

In the process of traditional software development, the selection of technology stacks mainly 

revolves around system performance, development cost and team experience. However, in 

AI-driven systems, the machine learning model itself has become a core component of the 

system architecture. This means that whether the technical framework can support model 

training, model deployment, scientific data processing and inference services has become an 

important new decision-making criterion. 

In the process of this research and development, the Python technology ecosystem shows 

obvious advantages. Since PyTorch, NumPy, SciPy, Astropy and FastAPI are all based on 

the Python environment, data processing, model inference and API services in the system 

can be completed in a unified ecosystem. This ecological consistency not only reduces the 

complexity of the system, but also reduces cross-language calls, model conversion and 

environmental compatibility problems. 

In contrast, if the system is developed in different languages, such as JavaScript for the front-

end, Java for the back-end, and Python for model inference, the system will need additional 

data exchange mechanisms and cross-language communication interfaces. This will not only 

increase the cost of system maintenance but also increase the difficulty of model deployment. 

Therefore, in AI-driven systems, the unity of the technology ecosystem has gradually 

become an important influencing factor. 

At the same time, this study also found that the selection of technology stacks in AI systems 

is gradually shifting from “framework-oriented” to “ecosystem-oriented”. In traditional 

software development, developers usually pay more attention to the performance and 

functional characteristics of a single framework, while in AI-driven systems, developers 

often pay more attention to whether the whole technology ecosystem can support model 

training, data processing, inference deployment and automated development processes. 

In addition, the development of AI is also changing the way of software development itself. 

With the popularity of LLMs and AI coding tools, there are obvious differences in the scale 

of training data in AI models of different programming languages and frameworks. For 

example, Python and JavaScript appear more frequently in public code datasets, so AI tools 

can usually generate relevant code more effectively. This means that the future selection of 

software technology stacks may depend not only on the performance of the framework itself, 

but also on the support capacity of AI tools. 
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The system development process in this study also reflects this trend. In the process of 

system implementation, AI-assisted development tools can easily generate Python and 

FastAPI-related code, while for some low-frequency frameworks or niche technology 

ecosystems, the generation ability of AI tools is obviously weaker. Therefore, the 

competition of software technology stacks in the future may not only be competition between 

developer ecosystems, but also gradually evolve into competition between AI tool chain 

support capabilities. 

5.3  The Relationship Between Theoretical Research and Engineering Practice 

The results of this study also reflect that there are certain differences between theoretical 

research and engineering practice. As mentioned in the previous literature review, many 

studies use AHP, multi-objective decision-making models and system decision-making 

frameworks to analyse the technology stack selection problem. These studies usually 

emphasize rational analysis, indicator quantification and multi-objective weight calculation. 

However, in the actual process of system development, technology selection is often affected 

by many factors such as the development environment, existing resources, development 

cycle and technology ecosystem. 

In the process of research and development, the selection of technology stacks is not only 

based on theoretical performance indicators, but also comprehensively considers the 

convenience of model deployment, development efficiency and subsequent maintenance 

complexity. For example, although some back-end frameworks may be better than FastAPI 

in theoretical performance testing, because this research system is highly dependent on the 

Python AI ecosystem, the use of FastAPI can reduce the complexity of model deployment 

and reduce cross-language call problems. 

At the same time, this study also found that the technical selection in actual development 

usually has obvious “path-dependent” characteristics. For example, when the system has 

adopted Python as the machine learning development language, the subsequent API service 

and data processing parts will usually tend to continue to adopt the Python technology 

ecosystem. This means that technology selection is often not decided separately, but is 

influenced by the existing architecture and existing resource conditions. 
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The results of this study also show that there is a high correlation between software 

architecture design and technology stack selection. As mentioned in the previous literature 

review, software architecture decision-making will directly affect the quality attributes of 

the system. The front-end and back-end separation structure, modular data processing 

process and independent model inference layer in this study directly affect the subsequent 

maintenance and expansion ability of the system. This shows that the selection of technology 

stacks not only affects the way the code is implemented but also affects the way the whole 

system architecture is organized. 

In addition, the DSR artifact in this study also shows that practical verification can provide 

an important supplement to theoretical research. Compared with pure theoretical models, 

real system development can more clearly show the synergy between different technical 

components and the actual impact of technology selection in the real environment. For 

example, in theoretical models, “compatibility” is usually regarded as an abstract indicator, 

while in actual systems, compatibility is directly reflected in specific issues such as model 

deployment, environment dependence, data format and API communication. 

Therefore, this study believes that future software engineering research needs to pay more 

attention to the combination of theoretical research and practical verification. It may be 

difficult to fully reflect the complexity of the real development environment by relying solely 

on theoretical models, while practical research combined with DSR artifacts can more 

realistically show the dynamic influencing factors in the selection of technology stacks. 

5.4  AI Ecological Consistency and System Complexity 

The system development process in this study further shows that the consistency of the AI 

technology ecosystem plays an important role in reducing system complexity. In traditional 

software systems, different components can usually communicate through standard 

interfaces, so developers can choose different languages and frameworks more freely. 

However, in AI-driven systems, there is a stronger dependence between machine learning 

models, scientific computing frameworks and data processing tools, so the importance of 

ecological consistency has increased significantly. 
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In this study, the data processing, model inference and API services in the system are all 

based on Python. This enables the system to complete model loading, data conversion and 

inference calculation in a unified operating environment. At the same time, because NumPy 

tensors, PyTorch tensors and SciPy numerical objects can be directly converted, the whole 

data flow process has high continuity. 

If the system adopts different language ecosystems, an additional data exchange layer is 

required. For example, if the back-end uses Java and the model inference is still based on 

Python, the system may need to achieve cross-language communication through RPC, 

message queues or independent model services. This will not only increase the complexity 

of the system but also increase the cost of subsequent maintenance. 

In addition, this study also found that the complexity of AI-driven systems comes not only 

from the software architecture itself, but also from the model and data processing process. 

Compared with traditional web applications, AI systems usually need to deal with additional 

problems such as model version management, data preprocessing consistency and inference 

resource allocation. Therefore, whether a unified AI ecosystem can be formed between 

technology stacks will directly affect the overall complexity of the system. 

The scale of the system in this study is relatively small, but the impact of ecological 

consistency on development efficiency and maintenance complexity has been observed. As 

the scale of the system expands, this impact may be further enhanced. Therefore, the 

selection of technology stacks in AI-driven systems in the future may be more and more 

inclined toward a “complete AI technology ecosystem”, rather than just single-framework 

performance optimization. 

5.5  Research Limitations and Future Research Directions 

Although this study has completed the literature review and DSR practical verification, there 

are still certain limitations. 

First of all, this study only develops and verifies an AI-driven web application system, so 

the research results are more suitable for machine learning inference applications, and may 

not be fully applicable to large enterprise-level systems or high-concurrency distributed 
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systems. Under different system scales, the choice of technology stack may be affected by 

different factors. 

Secondly, the experimental tests in this study were mainly completed in the local 

environment, and no large-scale cloud deployment or high-concurrency stress tests were 

carried out. Therefore, the actual performance of the system in the production environment 

still needs to be further studied. For example, in large-scale user access scenarios, model 

inference delay, GPU resource scheduling and API concurrency processing capabilities may 

become new performance bottlenecks. 

In addition, the technology stack in this study is mainly based on the Python AI ecosystem, 

so the comparison with other technology ecosystems such as Java, Go and Rust is still 

relatively limited. There may be obvious differences in performance, deployment methods 

and AI tool support between different language ecosystems. 

The number of experimental samples in this study is also relatively limited, so the 

experimental results are more suitable as engineering verification cases, rather than strictly 

speaking, machine learning performance benchmarks. Future research can further expand 

the scale of test data and add more types of AI-driven system cases. 

Future research can also further explore the impact of AI-assisted development tools on the 

selection of technology stacks. For example, future studies can examine the differences in 

the quality of code generation among LLMs for different programming languages, as well 

as the relationship between AI tool chains and software architecture. In addition, in the future, 

an automated technology stack recommendation system can be built based on the results of 

this research, and intelligent technology stack decision-making support can be realized by 

combining system requirements, AI ecological characteristics and the development 

environment. 
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6  Conclusion 

This research revolves around the selection of software technology stacks. Through the 

practical verification of Narrative Literature Review and DSR, an analysis of the factors 

affecting technology selection in modern software systems was carried out. The research 

results show that technology stack selection is no longer a simple framework or language 

selection problem, but a comprehensive decision-making process influenced by performance, 

maintainability, compatibility and AI ecological adaptability. 

Through the literature review, it can be found that technology stack selection research is 

gradually expanding from traditional software architecture and performance optimization to 

AI-driven system environments. Especially under the background of the continuous 

development of machine learning and automated development tools, the compatibility and 

synergy between technical ecosystems are becoming new key influencing factors. 

In order to verify the above research results in practice, this study developed an SDSS star 

spectrum classification web application system based on deep learning and tested it 

experimentally. The experimental results show that the selected technology stack can 

support the functional needs of machine learning inference, scientific data processing and 

front-end and back-end interaction, while having good real-time response ability and a 

modular structure. 

This study also shows that in AI-driven systems, a unified technology ecosystem can reduce 

system complexity and the difficulty of model deployment. Compared with traditional web 

systems, AI systems rely more on the ability to work together between machine learning 

frameworks, scientific computing tools and API services, so the importance of technical 

ecological consistency is constantly increasing. 

Although this study has completed theoretical analysis and practical verification, there are 

still certain limitations. This research mainly revolves around a single AI-driven web 

application, and the experimental environment is also mainly based on the local test 

environment. Therefore, the applicability of the research results in large-scale distributed 

systems or high-concurrency production environments still needs to be further studied. 
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Future research can further compare the performance differences of different technology 

ecosystems in AI-driven systems, and carry out further research in combination with cloud-

native architecture, containerized deployment and AI-assisted development tools. At the 

same time, with the development of LLMs, the impact of AI tool chains on software 

technology stack selection may also become an important direction for software engineering 

research in the future. 
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