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Abstract: This research explores the role of human algorithm interaction mechanisms in enhancing 

trust, reliability, and user confidence in Decision Support Systems (DSS). Traditional DSS models often 

focus solely on algorithmic accuracy and performance, neglecting crucial factors such as transparency 

and user engagement, which are essential for building trust. By incorporating explainable AI (XAI) 

techniques like SHAP and LIME, real-time feedback mechanisms, and user-friendly interfaces, the 

study develops structured interaction models that improve the interpretability of AI-driven decisions. 

The results show that transparent decision-making processes and interactive features significantly 

enhance user trust, making DSS more reliable and easier to adopt. Users interacting with systems that 

provide clear, understandable explanations of decisions, along with real-time updates on the system’s 

confidence, reported higher levels of decision-making confidence, especially in high-stakes scenarios. 

These improvements lead to greater user engagement and adoption of the system in various domains, 

including healthcare and finance. The study also highlights the importance of balancing interpretability 

with efficiency in user interface design to ensure both trust and usability. The findings contribute to 

the design of more user-centric DSS that prioritize trust, interpretability, and cognitive factors, 

providing a framework for the successful integration of intelligent decision support systems in complex 

decision-making environments. Future research should focus on refining interaction models and 

exploring the broader applicability of these systems in different sectors. 

Keywords: Decision Support Systems; Explainable AI; Human Algorithm Interaction; Trust-Building 

Mechanisms; User Engagement. 

 

1. Introduction 

Decision Support Systems (DSS) play a critical role in modern organizations by 
providing data driven insights to assist in decision-making, judgments, and planning. These 
systems are designed to process large datasets to guide organizational decisions across various 
domains such as healthcare, real estate, and vocational training [1], [2]. DSS can be model-
driven, data driven, or a hybrid, with the latter gaining prominence due to its integration of 
machine learning and statistical analysis. Data driven Decision Support Systems (DD-DSS) 
use advanced algorithms to process data from multiple sources, such as Enterprise Resource 
Planning (ERP) systems, Customer Relationship Management (CRM) systems, and data 
warehouses. These systems enhance decision-making capabilities by providing insights that 
assist organizations in optimizing resources, improving predictive analytics, and fostering 
collaborative decision-making [3], [4]. 

The adoption and effectiveness of intelligent algorithms in DSS heavily rely on the users' 
trust and the system’s reliability. As algorithms become more integrated into decision-making 
processes, factors such as system transparency, accuracy, and user interaction play pivotal 
roles in determining the trust users place in these systems [5]. Trust in DSS is often influenced 
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by system accuracy, which dictates the reliability of algorithmic recommendations, as well as 
by the system’s transparency and the clarity of its operational processes [6]. Transparency 
ensures that users understand how decisions are made, thus fostering greater trust and 
encouraging adoption. Without transparency, users may become skeptical of the system's 
outputs, which can hinder the integration of intelligent DSS into daily operations [7], [8]. 
Moreover, first impressions during user interactions significantly impact the development of 
trust. Positive initial experiences can foster trust, which can be reinforced through consistent 
system performance over time [2]. 

Reliability is another essential factor for trust. A DSS that consistently performs well 
under varying conditions ensures a dependable user experience, leading to increased 
acceptance and trust in the system [7]. System designers must also account for the cognitive 
trust factors that influence users’ perceptions. For instance, users with higher technological 
affinity are more likely to trust and adopt these intelligent systems [5]. Therefore, it is crucial 
to design DSS not only to deliver accurate results but also to ensure that users can understand, 
interpret, and trust the system’s decision-making process. 

Decision Support Systems (DSS) are critical tools employed across various sectors to 
enhance decision-making by processing large volumes of data and providing actionable 
insights. However, the successful adoption and effectiveness of these systems are often 
undermined by issues related to transparency and interaction design. Transparency plays a 
pivotal role in fostering user trust, as it enables users to understand how decisions are made 
by the system. Without transparency, users may struggle to trust the system’s outputs, 
hindering its overall adoption and utility [1], [3]. Furthermore, poor interaction design, 
characterized by complex user interfaces and unclear feedback mechanisms, can lead to user 
frustration, diminished trust, and, ultimately, the rejection of the system [9]. As DSS becomes 
more integrated into decision-making processes, these barriers to trust and usability must be 
addressed to maximize the potential of these systems. 

One of the main challenges in improving DSS adoption is designing systems that not 
only offer accurate and reliable recommendations but also make these recommendations 
understandable and trustworthy to users. The objective of this research is to propose human 
algorithm interaction mechanisms that can enhance transparency, reliability, and trust in DSS. 
This includes the integration of Explainable Artificial Intelligence (XAI), which provides 
clear, understandable explanations of how decisions are made, making the system's processes 
visible to users [1], [10]. Additionally, the design of intuitive, user-friendly interfaces can 
reduce cognitive load and enhance user engagement, helping users interact with DSS more 
effectively [2]. 

Moreover, the incorporation of dynamic feedback mechanisms that provide real-time 
updates on the system's confidence in its recommendations can assist in calibrating user trust 
[11]. These mechanisms can help users adjust their reliance on the system, fostering a balanced 
relationship between human judgment and algorithmic support [12]. Ultimately, the 
integration of these mechanisms aims to improve not only the usability of DSS but also the 
trust users place in these systems, enabling more effective decision-making. 

To address these issues, this study focuses on modeling interaction mechanisms that 
integrate XAI, dynamic feedback, and user-centric design principles to create DSS that are 
more transparent, reliable, and trust-inspiring. By enhancing these factors, the study aims to 
improve the decision-making confidence of users, ensuring that DSS are not only trusted but 
also effectively utilized in organizational decision processes. 

In summary, Decision Support Systems (DSS), especially data driven systems, are vital 
in modern organizations, but their successful adoption largely depends on user trust and 
system reliability. Transparency in decision-making and effective interaction design are crucial 
for fostering trust, as users are more likely to embrace systems that are both understandable 
and reliable. However, issues such as limited transparency and poor user interface design 
often hinder adoption by reducing trust. The integration of human algorithm interaction 
mechanisms, such as Explainable AI (XAI) and dynamic feedback, can enhance transparency, 
improve user confidence, and ultimately support the broader acceptance and successful 
implementation of intelligent DSS in data driven organizations [1], [2], [9]. 
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2. Literature Review 

Existing DSS Models 

Decision Support Systems (DSS) have undergone significant evolution, from traditional 
models to intelligent systems that integrate artificial intelligence (AI) and machine learning 
(ML). Initially, DSS were computer-based tools designed to assist decision-making by 
integrating data, models, and user interfaces. Traditional DSS frameworks were primarily rule-
based, offering limited capabilities for handling complex decision-making functions [13]. As 
the need for more advanced decision-making tools grew, Intelligent Decision Support 
Systems (IDSS) emerged. These systems leverage AI and ML techniques to enhance 
predictive analytics, real-time decision-making, and adaptability [14]. Modern IDSS utilize 
various AI techniques, such as reinforcement learning, fuzzy logic, neural networks, and 
Bayesian methods, to improve decision accuracy and efficiency. These systems are especially 
effective in dynamic and uncertain environments, providing real-time support and managing 
multiple information flows [1], [15]. IDSS are applied across various domains, including 
medical diagnosis, financial risk management, and business decision-making, where their AI-
driven capabilities enhance decision outcomes [16]. 

Trust in Decision Support Systems 

Trust is a critical factor in the adoption and successful implementation of DSS, 
particularly those powered by intelligent algorithms. Several studies have explored how trust 
is built in human algorithm interactions and identified key factors influencing this trust. The 
design of the user interface plays a significant role in fostering trust, with studies showing that 
conversational interfaces are more likely to build user trust and satisfaction compared to 
conventional graphical interfaces [17]. System reliability also has a profound impact on trust; 
users tend to trust systems that consistently perform well and provide accurate outputs [18]. 
Moreover, trust is heavily influenced by transparency and explainability, as users need to 
understand how decisions are made by the system. Explainable AI (XAI) techniques have 
been identified as essential for building trust, as they provide users with clear and 
understandable explanations of the system's decision-making processes [1], [10]. 

Furthermore, user characteristics, such as expertise and self-confidence, influence the 
level of trust in DSS. Experts may exhibit lower trust in AI-based systems due to their 
preference for relying on personal judgment [19]. Trust can also be calibrated through long-
term, error-free system performance and transparency, which allows users to become more 
reliant on the system over time. Situational stress, however, can negatively affect trust, 
especially when users rely heavily on automated recommendations in high-pressure situations 
[20]. In conclusion, building trust in DSS requires a combination of transparent, reliable, and 
user-friendly designs that cater to both system performance and user expectations. 

Interaction Design and Transparency 

In the context of artificial intelligence (AI) and decision support systems (DSS), 
interpretability and transparency are crucial elements for fostering user trust and improving 
decision-making quality. Transparent systems enable users to understand and verify the 
decision-making processes behind algorithmic outputs, thereby reducing errors and 
enhancing system reliability [21], [22]. Tools like SHAP (SHapley Additive exPlanations) and 
LIME (Local Interpretable Model-agnostic Explanations) have proven effective in increasing 
user confidence by providing clear, interpretable explanations of AI decisions, particularly in 
high-stakes areas such as healthcare and finance [23]. The use of explainable AI (XAI) 
methods, which offer "white-box" explanations, plays an essential role in demystifying 
algorithmic processes, making them more accessible to users [24].  

Additionally, effective user interface design is pivotal for visualizing algorithmic 
processes and making transparency more meaningful to users. Interactive interfaces that 
clearly present the rationale behind algorithmic decisions can significantly improve user 
comprehension. However, this level of interpretability requires more time and cognitive 
resources to design and implement [25]. A balance must be struck between interpretability 
and efficiency in user interface design. For instance, techniques like navigation aids and well-
organized data presentations can enhance transparency without compromising user 
experience [26]. 
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Despite the benefits of interpretability, the complexity of machine learning models often 
leads to "black-box" behavior, where users cannot easily understand or trust the algorithm's 
inner workings [21]. This challenge necessitates both model-agnostic and model-specific 
interpretability techniques to ensure that systems are not only accurate but also 
comprehensible [15]. 

Cognitive Trust 

The level of trust users place in AI-driven decision support systems is influenced by 
several cognitive factors, including cognitive load, task characteristics, and personality traits. 
Cognitive load, which refers to the mental effort required to process information, can affect 
trust in algorithmic systems. Studies suggest that tasks with high objectivity and time pressure 
tend to increase trust, while cognitive load has a less significant impact on trust formation 
[26], [27]. In high-risk scenarios, users are more likely to trust systems when they have 
sufficient cognitive resources to process information, thus enhancing their confidence in the 
system’s decision-making [25]. 

Personality traits, particularly locus of control (LOC), also significantly influence trust in 
AI systems. Individuals with a high internal LOC are more likely to trust AI-based systems, 
as they tend to have greater confidence in external sources of control. Other traits, such as 
openness, affect how individuals respond to suggestions from AI systems. Individuals with 
higher openness tend to react more quickly to AI recommendations, while those with lower 
openness may be more skeptical [28]. 

Moreover, algorithmic accountability-the degree to which an algorithm's actions are 
traceable and explainable-plays a more significant role in shaping trust than accessibility alone 
[25]. In high-risk situations, the need for algorithmic accountability is paramount, as it 
influences perceived trustworthiness and user reliance on the system. Furthermore, 
educational efforts to improve AI literacy and statistical understanding can help users critically 
evaluate algorithmic decisions, thus enhancing trust in less risky decision-making contexts 
[21], [29]. 

Technology Integration for Organizational Decision Making 
The integration of advanced technologies into organizational processes enables more 

effective and informed decision making. Technological innovations such as gamification, IoT, 
and digital learning platforms demonstrate how digital tools can improve engagement and 
efficiency within organizations. For example, the use of work gamification mechanisms has 
been shown to enhance employee engagement and performance evaluation processes in 
organizational environments [30]. 

Similarly, technology-supported learning systems illustrate how digital platforms can 
facilitate interactive learning and knowledge sharing within organizations. The development 
of technology-integrated learning models, such as the SITENAR CERYA platform for 
English learning, demonstrates how digital tools can merge technological innovation with 
educational content to improve learning outcomes [31]. 

In addition, technology integration in community-based educational activities, such as 
combining hands-on and virtual learning approaches, illustrates the potential of digital 
technologies to enhance collaborative learning and knowledge transfer processes [32]. These 
technological integrations highlight how organizations can leverage intelligent systems and 
digital platforms to support data-driven decision making and strengthen the interaction 
between humans and technological systems. 

 

3. Proposed Method 

This research uses a mixed-methods approach combining interaction modeling, system 
prototyping, and controlled user experiments to enhance trust, reliability, and decision 
confidence in Decision Support Systems (DSS). The study focuses on developing structured 
interaction models that improve transparency and interpretability, using tools like SHAP and 
LIME to clarify AI decision-making processes. A prototype DSS will integrate explainable AI 
(XAI) techniques and user-friendly interfaces, along with dynamic feedback mechanisms to 
calibrate user trust in real time. Controlled user experiments will measure trust, reliability, and 
decision confidence, using indicators like trust calibration and decision confidence to assess 
the impact of human algorithm interactions on system adoption and user engagement. 
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Figure 1. Research Methodology Flowchart Structure. 

Approach 

The research adopts a mixed-methods approach that combines interaction modeling, 
system prototyping, and user experiments. This approach allows for a comprehensive analysis 
by integrating both qualitative and quantitative methods, enabling the development of a 
robust framework to address both technical and human factors involved in decision support 
systems (DSS). By combining these methods, the research provides deeper insights into the 
effectiveness of human algorithm interaction mechanisms in enhancing trust, reliability, and 
decision confidence in DSS. 

Interaction Modeling 

Interaction modeling involves the development of structured models designed to 
facilitate better communication between users and algorithms. These models aim to enhance 
transparency and interpretability, which are essential for building trust and improving 
decision-making confidence in intelligent DSS. The use of techniques like SHAP (SHapley 
Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) is 
central to the interaction modeling process, as these tools provide clear, understandable 
explanations of AI decisions. The goal of this phase is to create structured models that 
demystify the decision-making process, making it easier for users to comprehend and trust 
the system's recommendations. 

System Prototyping 

System prototyping involves the creation of an intelligent DSS that incorporates human 
algorithm interaction features. This prototype will integrate explainable AI (XAI) techniques 
that provide transparent, understandable explanations of the system’s decision-making 
processes. Additionally, it will include interactive user interfaces that are intuitive and user-
friendly. The prototype also incorporates dynamic feedback mechanisms that update users 
on the system’s confidence in its recommendations, allowing for real-time calibration of trust. 
Prototyping serves as a critical step in testing and refining interaction mechanisms in a 
controlled environment, ensuring that these features support user engagement and decision-
making. 

Controlled User Experiments 

The research includes controlled user experiments to measure user trust, reliability, and 
decision confidence in the proposed interaction models. These experiments are designed to 
assess how different interaction models, such as those integrating XAI or providing real-time 
feedback, affect users' perceptions of system trustworthiness. Specifically, the experiments 
will examine how users’ reliance on DSS varies with task complexity and time pressure, 
providing empirical evidence of the influence of interaction design on trust and decision 
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outcomes. The goal is to evaluate how well these interaction models enhance user confidence 
and reliability in the DSS. 

Indicators 

To evaluate the impact of human algorithm interaction on system adoption, the study 
uses trust and reliability indicators. These indicators include trust calibration measures, which 
track how users' trust in the system develops over time with consistent performance and 
transparency. The experiments also measure decision confidence, assessing how confident 
users feel in their decisions when supported by the DSS. By using these indicators, the study 
aims to quantify the effectiveness of different interaction mechanisms in improving system 
reliability and enhancing user trust, ultimately influencing the adoption of intelligent DSS. 

 

4. Results and Discussion 

The study found that structured interaction models significantly enhanced user trust, 
algorithm interpretability, and acceptance of DSS recommendations. Transparent tools like 
SHAP and LIME, along with real-time feedback mechanisms, helped users understand the 
decision-making process, increasing their trust in the system’s outputs. This transparency 
improved decision-making confidence, especially in high-risk tasks. User feedback highlighted 
that clear explanations and user-friendly interfaces made the system more accessible, fostering 
greater system engagement and acceptance. Overall, the findings suggest that DSS that 
prioritize transparency, real-time updates, and intuitive design are more likely to gain user 
trust and be successfully adopted in decision-making processes.  

Results 

The study's results show that the structured interaction models significantly improved 
user trust, algorithm interpretability, and the acceptance of recommendations. Users who 
interacted with the DSS featuring explainable AI (XAI) techniques, such as SHAP and LIME, 
reported a higher understanding of how decisions were made by the system. These tools 
provided transparent, understandable explanations, allowing users to verify the system’s 
decisions and, as a result, increasing trust in the system’s outputs. Moreover, the integration 
of real-time feedback mechanisms allowed users to receive updates on the system’s 
confidence in its recommendations, which helped calibrate their trust and reliance on the 
system. The interactive and user-friendly interfaces, designed to balance interpretability with 
efficiency, played a vital role in improving overall system acceptance and engagement. 

 

 
Figure 2. Comparison of Trust Levels and System Acceptance Based on Interaction 

Models. 
 
The graph above illustrates the relationship between Trust Levels and System 

Acceptance Rates across different interaction models. As shown, Model C had the highest 
trust level and system acceptance rate, indicating that its structured interaction models 
significantly influenced both trust and adoption. Meanwhile, Model A, which had the lowest 
trust level and acceptance rate, highlights the importance of transparency and clear 



Indonesian Journal of Infomatics 2026 (February), vol. 1, no. 1, Narulita, et al. 17 of 20 
 

 

explanations in user interaction. The trends demonstrate that as trust in the system increases, 
so does the likelihood of its acceptance and continued use by users. 

 
In addition, users found that having clear explanations of algorithmic processes directly 

contributed to greater system acceptance. The real-time feedback on the system’s confidence 
level in its recommendations reassured users and built their trust in the system's outputs. 
These findings highlight that when users can clearly understand how decisions are made, they 
are more likely to accept and rely on the system’s recommendations, especially in high-stakes 
decision-making situations, such as healthcare or financial assessments. The results indicate 
that structured interaction models that prioritize transparency and real-time feedback lead to 
a stronger connection between users and the system. 

Discussion 

The findings suggest that enhanced interaction models significantly influence user 
decision-making confidence. When users are provided with transparent explanations of the 
decision-making process, their trust in the system increases, which in turn improves their 
confidence in making decisions based on the system's recommendations. This is particularly 
important in complex or high-risk tasks, where decision-makers need to understand the 
rationale behind the recommendations to feel assured about the decisions they make. The 
transparency offered by tools like SHAP and LIME, which offer clear explanations of AI 
decisions, directly contributed to users’ ability to trust and confidently use the system’s 
outputs in these contexts. 

The real-time feedback mechanism incorporated into the DSS also played a crucial role 
in enhancing user decision-making confidence. By continuously updating users about the 
system’s confidence in its recommendations, users were able to adjust their reliance on the 
system’s advice according to their understanding of its reliability. This dynamic feedback 
fosters a more informed decision-making process, especially when facing uncertain or 
complex scenarios. This ability to calibrate trust in real-time is essential for systems that aim 
to be used in a variety of domains where decision-making certainty varies depending on the 
context and task complexity. 

Furthermore, qualitative feedback from users revealed a positive shift in their overall 
experience with the system. Many users reported feeling more in control of the decision-
making process due to the clear and transparent explanations provided by the system. They 
also noted that the interactive features of the system, including the ability to provide real-time 
updates on system confidence, helped them engage with the DSS more effectively. The 
combination of interpretability, transparency, and feedback resulted in a user-friendly 
experience that increased trust and reliability in the system. Users with varying levels of 
technological affinity found the system’s interface intuitive and accessible, which further 
contributed to their positive experience and willingness to adopt the system in future decision-
making tasks. These insights indicate that the adoption of DSS can be significantly enhanced 
when the system is designed with transparency, clear explanations, and real-time feedback 
mechanisms. 
 

5. Comparison 

Traditional algorithm-centric systems primarily focus on improving the accuracy and 
performance of the algorithms without considering the importance of user trust and cognitive 
factors. These systems prioritize computational efficiency and output precision, often 
operating as "black-box" models, where the decision-making process is not transparent to the 
user. While such systems can deliver highly accurate results, their lack of interpretability and 
transparency can lead to low user engagement, as users may struggle to understand or trust 
the decisions made by the system. This focus on algorithmic performance without addressing 
trust factors can hinder the adoption of decision support systems, especially in complex or 
high-stakes domains where users must feel confident in the system's recommendations. 

Human centered interaction models, in contrast, prioritize transparency, interpretability, 
and user trust, significantly enhancing user engagement and system adoption. These models 
emphasize the importance of clear, comprehensible explanations of the decision-making 
process, which increases user trust and confidence in the system's outputs. By incorporating 
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explainable AI (XAI) techniques, real-time feedback mechanisms, and user-friendly 
interfaces, human algorithm interaction models provide users with the tools they need to 
understand and interact with the system more effectively. Unlike traditional DSS frameworks, 
which may overwhelm users with technical details or fail to provide clear explanations, human 
centered systems create an environment where users can engage with the system in a more 
intuitive and transparent way. This, in turn, leads to greater acceptance of the system's 
recommendations and a higher likelihood of long-term adoption. 

The findings from this study have significant implications for the future design of DSS. 
Human algorithm interaction models, with their focus on transparency, interpretability, and 
user trust, offer a promising path for improving DSS trustworthiness and user adoption. As 
decision support systems become increasingly integrated into various high-stakes 
environments, the need for user-centric designs that prioritize trust and cognitive factors will 
become more critical. The broader applicability of human algorithm interaction designs 
suggests that future DSS will need to be more than just accurate and efficient-they must also 
be transparent and user-friendly. This shift towards more interactive and trustworthy systems 
could lead to more widespread adoption, especially in domains where decision-making 
confidence is paramount. By addressing both the technical and human aspects of DSS, future 
systems can better meet the needs of users, fostering trust and improving decision outcomes 
across diverse fields. 

 

6. Conclusions 

The study highlights the significant impact of human algorithm interaction mechanisms 
in enhancing trust, reliability, and user confidence in Decision Support Systems (DSS). By 
incorporating transparency, interpretability, and real-time feedback, the proposed interaction 
models improved users’ understanding of the system's decision-making process, leading to 
higher levels of trust and confidence. The use of explainable AI (XAI) techniques, such as 
SHAP and LIME, along with user-friendly interfaces, facilitated a more transparent 
interaction, allowing users to verify and understand the system’s recommendations. The real-
time feedback on system confidence further calibrated trust, ensuring users felt more 
confident in relying on the DSS for decision-making. 

This research contributes to the ongoing evolution of Decision Support Systems by 
introducing human centered interaction models that prioritize user trust and cognitive factors. 
By focusing on transparency, interpretability, and user engagement, this study presents a more 
user-centric approach to DSS design, addressing the common pitfalls of traditional algorithm-
centric systems. The findings emphasize the importance of creating systems that are not only 
accurate but also understandable and reliable, offering valuable insights into the design of 
more effective and trustworthy DSS for various high-stakes environments. 

Future research should focus on further refining human algorithm interaction models, 
especially in terms of enhancing real-time feedback mechanisms and improving explainability 
techniques to better address user concerns. Additionally, the broader application of these 
interaction models across diverse sectors, such as healthcare, finance, and public 
administration, could provide deeper insights into how transparency and trust affect system 
adoption and user decision-making. Future studies could also explore the integration of 
emotional and social factors in human algorithm interactions, examining how these 
dimensions influence user trust and system effectiveness. Ultimately, continued 
advancements in user-centered DSS design will be crucial in ensuring the successful adoption 
and long-term use of intelligent decision support systems across industries. 
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