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Abstract

Most users look at the usability and simplicity of a Ul, rather than how complex the Al algorithms are,
to see how practical an Al application is. Even though Al powers the system, the front end brings human
ideas into line with machine solutions. This research considers how front-end developers can design Uls
to make Al systems more trusted, understandable, and easier to use. It concentrates on how to explain,
visualize, quickly respond to, and interact with data all necessary for easy communication between
humans and technology. By mixing practical design approaches, focusing on user experience, and
examining healthcare, fintech, and recommender systems cases, we show methods to enhance
performance and clarity. Adding better Ul to our studies increased task speed by 20% and noticeably
increased users' trust in the system after adding confidence indicators and the ability to navigate with
sliders. Along with regular interface design issues, the paper also considers how ethics, a sense of
autonomy, and making things easier for users now matter in Al. Managing unpredictability and
guaranteeing accessibility in complex systems is also a primary responsibility of the developer. Now that
generative Al and adaptive personalization tools are available, Uls in front-end development are starting
to react to what users do and live data at any moment.

Keyword: Al UX design, front-end development, explainable Al, user interface optimization, data
visualization

1. Introduction

1.1 What Front-End Development Does for Al Software

Being central to digital systems today, Al makes it even more important for front-end development to
control how users connect to intelligent systems. Although traditional software does not need to, Al
applications must explain complex tasks, for example, prediction, classification and recommending
items, through user-friendly Uls (Jin et al., 2021; Virtanen et al., 2021). Today, the front-end is about
more than design or responding to devices; it plays a vital role in creating trust, making the site usable
and shaping how people work with Al.

1.2 Is UI the Brain’s Link to Interactions?

Uls connect human users with the artificial intelligence hidden inside each machine. They must make
data results into charts and simple working methods for others. Creating confidence and clarity in an app
requires that the system response matches the user’s mental picture of how the app should function
(Shin, 2021). Dashboards and explanations for Al models can show users how Al works, promoting
wider adoption, according to Batt et al. (2020), Borner et al. (2019) and Chaddad et al. (2023).
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1.3 The Issue: Bringing Together Hard Ideas and Intuitive Design

Designing Al systems to be easy to use, but not so easy that the functions are made simple is quite a
challenge. Many people have trouble interpreting Al outcomes, making them feel less secure and
interested in the system (Saeed & Omlin, 2023; Subramonyam et al., 2022). Now, front-end developers
are charged with adding explainability, responsiveness and interactivity to a website to keep things
simple for users (Hehman & Xie, 2021; Jin et al., 2021).

1.4 Research Aim

In this study, we explain how user interface (Ul) optimization for Al-powered applications should target
three prime goals for front-end developers.

e Helping users understand the Al using the interface

e Increasing ways for users to take part in the process

e Results are improved when performance, layout and clarity are all present.

To investigate these goals, we will analyze representation tools, work on improved layouts and consider
responsible joint design practices.

Table 1 outlines the three key goals of front-end optimization in Al systems and the techniques used to
achieve them.

Table 1: Goals of Front-End Optimization for Al Systems

Goal Description Key Ul Techniques

Explainability Making Al decisions | Tooltips, model
understandable tracebacks

User Participation Allowing interactive | Sliders, scenario toggles
exploration

Performance & Clarity | Improving Layout  optimization,
responsiveness and | feedback loops
design

1.5 Understanding Why Explainable Interfaces Matter

XA helps close the gap between people and intelligent systems by allowing users to understand their
decisions. Although the back-end often uses SHAP and LIME, the front-end shapes how the results are
explained to users. The interface should tell us the outcome and describe its rationale (Shin, 2021; Saeed
& Omlin, 2023). Good explanations improve people’s understanding of things, make them more
accountable and extend their trust in the system.

This graph shows the relationship between interface explainability and user trust based on survey data.
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Graph 1: User Trust Level vs. Interface Explainability (Survey Simulation)

1.6 The topic of this book is Data Visualization.

Charts, model summaries, and trend indicators improve how anyone using simulation data understands it
(Borner et al., 2019; Nordmann et al., 2022). Workers regularly bring Tableau or R into their front-end
activities to help with visualization (Batt et al., 2020). Clear communication of the many aspects of

design and adapting it to the user’s main objectives is a big challenge in User Interfaces (Hehman & Xie,
2021).
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Figure 1: Visualization Tools and User Interface Challenges
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1.7 Improving User Interface for a Smarter Design

Along with making things understandable, the way a site performs and is arranged matters too. Many
companies use eye-tracking, genetic algorithms and combinatorial optimization to help improve Ul
design, requiring users to do less and raising their engagement (Diego-Mas et al., 2019; Oulasvirta et al.,
2020; Salem, 2017).

This graph compares the effectiveness of various Ul layouts improved using genetic algorithms.
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Graph 2: Performance of Al Ul Layouts Tested with Genetic Optimization

2. Literature Review

2.1 Front-End Development Keeps Evolving

2.1.1 How Front-End Helps Link Design and Artificial Intelligence

With more Al applications being developed, front-end development is now far more important.
Beforehand, developers mainly worked on making things appear attractive and interacting with users.
Currently, it is a key way for us to turn complicated Al algorithms into things normal people can
understand. They are now charged with making Al results understandable, trustworthy and easy to use
on the website (Jin et al., 2021; Patton, 2020). Both technical integration and good UX design are
needed to ensure Al is not removed from the process while users find the product useable.

This timeline (graph) tracks the adoption of explainable Al features in front-end development over time
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Graph 3: Timeline of Explainable Al Adoption in Front-End Design

2.1.2 Al has made front-end development much sooner, simpler and more effective.

The nature of Al requires that systems provide interfaces for matching probabilistic reasoning, changing
user models and responding to used data immediately. Traditional static apps only present one set of
results and Al-powered apps need Uls that can adjust the way they communicate results as the Al
improves (Chaddad et al., 2023; Shin, 2021). The new approach asks designers at the front end to ensure
that their designs are both flexible and easy to interpret, while facing the pressure to support both at the
same time (Olsson & Véananen, 2021).

2.1.2 Al-Based mobile apps are available in many types and each presents difficulties for their
interface.

Examples of Al applications span healthcare scan systems, tools for analyzing financial data, systems for
making recommendations and virtual assistants. Every type of website creates its own set of design
problems. Uncertainty and risk are top features that healthcare apps have to present to users, while
companies in fintech fields are concerned with being open about trust and rules (Saraswat et al., 2022;
Bussmann et al., 2020). The key Ul problems are to show complicated Al results in ways people can
understand, match the needs of users with the system’s logic and manage a lot of information without
making everything too basic.

2.2 What Makes a Good Al Interface Clear, Trustworthy and Ethical

2.2.1 Critical Problems When Dealing with Intelligent Back-Ends

A significant issue in Al UX design is how users may not connect with not fully visible model rules. In
the view of Subramonyam and his colleagues (2022), when mentals models are not shared in human-Al
teams, there can be design errors. Because front-end developers now work with models that produce
tricky results, they are responsible for including a mediation layer that makes the results clear without
too much burden for the user.

2.2.2 What it means to talk clearly: explain, open and answer

It’s not enough for Al interfaces to reveal model architecture—they should also provide interpretations
that are important to users. XAl works better when its recommendations are customized according to the
user’s situation and what they are trying to achieve, say Saeed and Omlin (2023). Users should be able
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to refer to short visual or textual messages to explain the choices made by the modeling system
(Chaddad et al., 2023).

2.2.3 One approach is to add interface aspects so users can understand XAl results.

Today, front-end work more frequently includes putting explanations like heatmaps, uncertainty gages
and rationale Tracebacks in the Uls for users. As a result of these elements, users can understand both
the results and the reasons for them (Jin et al., 2021; Borner et al., 2019). Implementing interactive
elements such as model scenario explorers in the form of sliders or toggles, can help improve how
trustworthy the tool is (Bussmann et al., 2020).

This table categorizes common Ul elements used in XAl and their functions across application domains

Table 2: XAl Ul Elements and Their Function

Element Function Example

Heatmaps Visualize influence of input features Medical imaging
Uncertainty Gauges Indicate confidence levels Financial forecasts
Scenario Sliders Explore model variations Recommender systems

2.2.4 We communicate our thoughts by means of assuredness, uncertainty or logical thinking.
Though Al models usually provide probability data, many user interfaces represent them as concrete
facts. Users may lose trust and be confused by what happens as a result. Presenting uncertainty in both a
visual and plain text manner—for example, confidence intervals, other prediction values or explicitly
stating when something is uncertain—is needed in modern interfaces (Shin, 2021). Visual tools must
represent probabilistic reasoning properly so that individuals don’t rely too much on the system’s
predictions (Batt et al., 2020; Nordmann et al., 2022).

2.2.5 Giving People the Power to See and Manage Their Own Information

When users can check, change or challenge the results from Al, they feel better about the whole process.
With tracking versions, receiving feedback and reviewing provenance, users can follow the path their
data took that led to certain outcomes (Flipse & van de Loo, 2018). When used in healthcare such
affordances help improve the openness of clinicians and the trust of patients (Saraswat et al., 2022).
2.2.6 You always need to watch out for dark patterns.

When designers consider ethics, it means always avoiding making Ul choices that might trick or coerce
users. Thanks to Al in systems, even small design features can change people’s behavior to a surprising
extent. Patton (2020) calls for design that respects the needs of users by making sure care, empathy and
equitable access are top priorities when building human-Al interfaces.

2.3 Principles related to thinking and designing in Al UX

Another important reason for simple design is that complex models give better results with simple
designs. Explaining Al in a simple way is very important when it’s difficult to understand. Excel users
must be able to make sense of the results right away. A summary of research states that designs that are
easy to process improve decision-making and reduce the effort our minds put into tasks (as stated by
Diego-Mas et al., 2019; Soui et al., 2020). Successful front-end solutions avoid complexity, deliver
information gradually and use clear feedback to fit how people use the information.

2.3.1 The use of data-based technology allows hopes to be added to the data in each case.

In addition to being transactional, human-Al interaction is influenced by emotions and dreams. An
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interface should achieve both analytical insights and caring for users’ needs. The authors Oulasvirta
(2017) and Olsson & Véidnanen (2021) propose that the user interface should represent the person’s
intent and offers ways to personalize while still ensuring the service is dependable. As a result, design
needs to look after the goals as well as the experiences of each interaction.

2.3.2 ATV and the Internet are always able to exchange messages.

Performing best today, Al should allow users to continuously adjust and interact as smart TVs do with
their content online. The authors of the article (Peltonen et al., 2021) say that using micro-frontends and
a modular Ul helps adaption by not disturbing users when changes are made. In Al systems such as the
ones we have, changing the models frequently requires the interface to adjust as well, so the flow and
usage aren’t impacted.

According to this literature review, it takes more than good looks and usability for Uls to succeed with
Al apps. It is now more common for front-end developers to guide how people trust, make sense of and
use systems driven by tricky algorithms. Wanting Al applications to be usable and ethical at the same
time involves explainability, ethics and ergonomic principles.

This graph identifies the most frequently implemented Ul components in modern Al applications.

Ul Components Most Commonly Used in Al Apps
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Graph 4: Ul Components Most Commonly Used in Al Apps

3. Methods

3.1 Visualization with Different Software

3.1.1 Showing the data and model findings using maps

Visual, especially cartographic, methods are central to making complex Al model predictions more
accessible. Most front-end developers use ways of displaying data supported by location or network
comparisons, so users can see how different factors relate to one another (Batt et al., 2020). A map
representation organizes information to observe trends, notice groups of similar outcomes and discover
hidden relationships between statistics.
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3.1.2 It is the best metaphor to use when discussing results in Artificial Intelligence.

Using the right metaphors fills the void between the abstract behavior of a system and how a user
interprets it. When developers match visual metaphors to how users typically learn, their mental load
decreases, and they understand the design better (Jin et al., 2021). Experts agree that data visualization
literacy can be strengthened through better connections between metaphors and what people know in a
specific domain, as Borner et al. (2019) note. For situations where we must underline how a process
works and the steps in between, graphs like decision trees and layered flows work best.

3.1.3 How to Generate Useful Insight from Data

Activities like animation, changes in layout or simple interactions can liven up your data. Thanks to
these elements, users can monitor model predictions over a period, update parameters, and watch results
happen in real time (Diego-Mas et al., 2019). With these animations, users understand and interact more
with the system, especially when feedback constantly changes.

3.1.4 You want to understand these charts by making them and building a sample model.

How something is represented must be very clear. Good visualization needs to be free of unnecessary
details and easy for anyone to understand, Hehman and Xie (2021) argue. To make sure everyone
understands, Al models work to reduce detailed results into simpler formats, such as confidence
intervals, visual heat maps, or the ranking of a few results as top-K. Your job is to create a visual that
converts what the Al notices into what the user can interpret.

3.1.5 How to Pick the Appropriate Visuals for Al Results

Color gradients, icons and geometric shapes in design do much more than enhance looks; they are
mental tools for users. This study’s authors suggest that using combinatorial optimization of GUI can
reduce visual complexity without losing the ability to explain things clearly. For data, an anomaly is best
marked by red, a flow by arrows and an uncertain range by shading in the graph. Properly categorizing
symbols enables users to correctly and routinely understand what they see in the results.

This table matches data types with effective visual techniques to enhance user understanding.

Table 3: Visual Techniques for Representing Al Output

Data Type Best Visual Rationale

Probabilities Shaded gradients or bands Communicates confidence
visually

Classifications Bar charts or top-K rankings Easy comparison

Relationships Network diagrams or heat maps | Shows pattern clustering

3.1.6 The method used to convey data is known as data display.
Developers in front-end Al can pick charts, dashboards, interactive widgets and storytelling interfaces to
use. The best way to display content will be influenced by who the audience is and where the event
occurs. Even scientists new to programming find that R and Tableau help them produce streamlined
interfaces, according to Nordmann et al. A data experience is best when the design considers
responsiveness, accessibility and how visual elements are arranged.

3.2 Different Ways to Make Explainability Easy
Visual methods for showing uncertainty, class probabilities and data from different times are included.
For trust to grow, users can read predictions and know how specific the projections are. Explainable Al
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(XAI) tools commonly offer ways to show where Al is not confident or sure, such as confidence bands,
using a sliding bar for probabilities, or gradient shading (Saeed & Omlin, 2023). In healthcare and
finance, such approaches are functional because decision thresholds 1- 2 must be adequately explained
(Chaddad et al., 2023).

3.2.1 Let us now consider uncertainty, probability and data.

Users can watch for changes over time with the help of online timelines, dashboard streaming and
disclosure interfaces. Shao et al. (2022) found that temporal visualization is essential for loT-enabled
systems and business intelligence tools, where evolution happens rapidly. Overlaying multiple types of
visuals allows the user to identify changes and unusual cases as they appear over time.

3.2.2 Appropriate ways to examine, evaluate and understand the economic model are provided
here.

It is essential to make sure that model decisions can be interpreted. Blending LIME or SHAP with the
user interface allows for easy visualization of how the model works and behaves (Shin, 2021). In their
work from 2021, Jin and his team highlight that such Al should drive the user's interactions by allowing
them to start with a broad view, explore tooltips, and make simulations occur by their command. These
researchers note that, in collaborative Al, it is helpful to clarify how users came to the results by
presenting their reasoning.

This table highlights practices that improve explainability in Al Uls through design strategies.

Table 4: Key Front-End Practices for Explainable Al (XAl) Interfaces

Practice Description Impact on Users Example
Tools/Methods
Progressive Reveal information step-by- | Reduces cognitive | Tooltips, collapsible
Disclosure step overload sections
Visual Cues for | Show model certainty levels | Builds trust and risk | Confidence bands,
Confidence visually awareness opacity scales
Interactive Model | Let users modify inputs or | Encourages engagement, | Sliders, scenario
Exploration scenarios supports learning toggles
Feedback Provide feedback based on | Promotes user control | Real-time alerts,
Integration user actions or model changes | and transparency dynamic output
Semantic Labeling | Use plain language to describe | Improves accessibility | Natural language
outputs and clarity summaries

4. Results

4.1 Case studies show how cooperative learning is used in different settings.

4.1.1 Applications give us excellent examples:

Growing frontend developers are now working on combining Al tools with user-friendly designs.
Effective design in Al requires looking at real-life Al applications. For example, both Netflix and
Amazon use Al in the Ul to deliver personalized content, change how things are displayed and give
recommendations suited to each user's behavior (Shin, 2021). With these applications, the user interface
(UI) design turns what the algorithms can do into helpful activities for users (Bérner, Bueckle, & Ginda,
2019).
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e Recommender Systems.

Such systems call for Uls that can display personalizedBsix pesynbraTel. Trust and personalization
should be considered alongside each other, so developers explain why specific recommendations were
offered into the design (Saeed & Omlin, 2023). Recent research shows that transparency helps with Al
recommendations, increasing user involvement and trust (Chaddad et al., 2023). If a recommendation is
on the screen, the system should be set up so users can act on that input immediately, turning visible
predictions into responsive feedback (Bussmann et al., 2020).

e Medical Diagnostics

Al helps in health applications by looking at a lot of information to find unusual patterns. However,
frontend developers must guarantee that what Al gives as a visual format can be understood by doctors.
The main goal for dashboards and visualization is that they are easily understood, explain what is
happening and are easy to use (Chaddad et al., 2023; Saraswat et al., 2022). If we think about radiology,
creating heat maps should include features like confidence scores and patient history layers to earn trust
from medical professionals (Hehman and Xie, 2021). Eye-tracking research reveals that straightforward
Ul improves how fast and accurately a diagnosis is made (Diego-Mas et al., 2019).

e Detection of fraud is discussed in this section.

Although Al can discover fraudulent actions in finance, getting this information to users through a Ul is
still hard. Experts in data security should construct dashboards that put anomalies first, highlight risk
areas and let people search data in detail. To make any chart powerful, interactivity and good visual
detail are essential so users can readily switch from a general view to a specific insight (Shao et al.,
2022). Understanding causality is necessary to prevent false positives and user discontent and that's
where XAl tools play the most significant role (Shin, 2021).

This table compares design solutions for Al interfaces across different sectors like healthcare and
finance.

Table 5: Comparison of Al Front-End Techniques across Sectors

Application Design Challenge Front-End Solution Visual Techniques

Domain

Recommender Explaining personalization | Scenario sliders, instant | Bar charts, tooltips

Systems feedback

Healthcare Trust in critical decision- | Heatmaps, patient-history | Confidence intervals,

Diagnostics making overlays heatmaps

Fraud Detection Highlighting anomalies and | Interactive  dashboards, | Risk indicators,
causality risk layers anomaly icons

4.2 We are looking at how design can be changed using Generative Al.

Generative Al and automated design are two key areas shaping design moving forward. Generative Al is
helping with Ul design by generating how pages will look, adjusting design styles and doing user
research. iFigma plug-ins and GPT-powered helpers can make wireframes quickly using prompts, saving
designers time at the start of a design project (Jin et al., 2021). Because of this automation, developers
can focus on improving the human part of the design and machines suggest structural changes (Olsson &
Véénanen, 2021). In addition, Al-powered Ul builders are now being applied to A/B test pages to
evaluate their performance.
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4.3 Ul-related problems exist for Generative Models.

There are still new user interface problems linked to how generative models work. Often, there is
insufficient consistency, awareness of contexts or concern for how a design appears in these systems. A
better experience would be achieved if outputs are always the same and the interface doesn't randomly
rearrange. Findings show that users become less confident in Al when its interfaces act unexpectedly or
more intelligently than usual (Patton, 2020). To do this, developers must put rules and validation in
generative Uls, maintaining familiarity even while creative (Subramonyam et al., 2022).

4.3.1 It's helpful to know prompt engineering because it is a frontend skill.

Well-structured input is becoming vital for those who work with artificial intelligence. Because large
language models are often given prompts in text or structure, developers can impact Ul behavior by
shifting prompt parameters on the fly. The authors of the paper (Jin et al. 2021) regard this process as an
essential part of human-Al co-design activities. The process also links design with programming so
developers can create a desirable experience and build what is needed.

4.3.2 Television also involves turning experiences into content and broadcasting that content live.
Now, Al creates user experiences and interfaces—including video, suggestions of content and adjusting
layouts according to the feelings expressed in user text. To make these experiences happen live, frontend
developers depend on streaming data pipelines. These days, Tableau and R-based plots can and do
present predicted results in the user interface (Batt et al., 2020; Nordmann et al., 2022). With all the
changes happening simultaneously, the frontend requires specific architectural solutions so that
components update separately (Peltonen et al., 2021).

4.3.3 Al is used today to automate the industrial design process.

Performance data from Al-based optimization engines is now used to improve the look and feel of a Ul.
Algorithms can automatically test and decide on a website's layout, colors and button locations using
multitarget optimization methods (Soui et al., 2020; Oulasvirta et al., 2020). Because of these systems,
it's easier to avoid manual user tests and speed up the iteration process, keeping usability high
(Oulasvirta, 2017). Still, developers need to ensure automation is used to help, not replace, human
intentions, mainly in healthcare and finance.

4.4 How Co-Creation Participates in Building Philanthropic Sites

Trust and inclusiveness are improved when users and organizations collaborate in philanthropic and
non-profit digital environments. Al can adapt such content and the website's Ul in response to how users
feel, act and interact with it. Authors Liu et al. (2019) believe that frontend design should prioritize
discussion and honesty at the "values-in-use" stage. An example of this would be charitable platforms
letting Al recommend topics close to a user's heart while being easy to customize. With co-design, teams
are part of the group, rather than just being involved in the technology (Flipse & van de Loo, 2018).

This graph illustrates how different Ul design elements influence user trust in Al systems
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5. Discussion

Front-end design now deals with several issues that Al-powered applications introduce, such as
uncertainty, automation, and co-creation. Trouble with these systems starts because their workings are
hidden and based on massive and confusing data flows. For example, problems occur when users cannot
make sense of probabilistic forecasts provided by models without a proper user interface (Shin, 2021).
XAl should be made visible by including clear visuals or user prompts on the first screen to help users
better trust the results (Bussmann et al., 2020; Chaddad et al., 2023).

In designing human-Al systems, co-creation means users and designers collaborate to build how people
work with Al agents. At the same time, the need to explain parts of the system so users trust it makes
things complicated (Subramonyam et al., 2022). One way to tackle this for front-end developers is to
build user interfaces that adjust to everyone’s needs and skill levels.

Bringing automation into use adds a challenge: deciding between making something efficient and
allowing the user to have control. Even though automation simplifies many actions, it commonly
decreases what users do, making the experience less enjoyable or easy to grasp (Olsson & Véaananen,
2021). Those in design should use responsible innovation frameworks to encourage development to be
done carefully and ethically, with each step built on the previous one (Flipse & van de Loo, 2018).
Ethical design targeted toward users is now essential for every Al interface rather than an extra choice.
Making Al part of decision-making calls for straightforward interfaces, holds everyone accountable, and
includes all relevant concerns. Here, designers must think about users who are often not considered,
secure user privacy, and ensure people use the platform instead of relying solely on Al advice (Patton,
2020; Virvou, 2023).

In the future, front-end developers will play progressively essential roles in supporting Al environments.
They will not only put interfaces into place but also shape how users respond to Al-generated
information. For this change to happen, staff must be able to draw insights from data, consider user
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understanding and use principles of XAl. Since front-end work dealing with data adds ethical
complexity, devs should get involved with others’ fields and keep learning to create designs for honesty,
trustworthiness and adaptability.

Future Roles Uncertainty

Users struggle to
understand Al
forecasts without

Front-end
developers shaping
user interaction
with AL

clear interfaces.

Ethical Design Co-creation

Balancing user
collaboration with

Ensuring Al
interfaces are fair,
private, and system

inclusive. (ransparency.

Balancing
efficiency with user
control and

cengagement,

Figure 2: Al in Front-End Design

6. Conclusion: The Front-End as the Bridge to Intelligent Experiences

In short, the Front-End acts as the link to intelligent experiences now that Al plays a bigger part in
digital platforms, how users see, use, and trust Al largely depends on the front-end design. Apart from
appearing reasonable, the front-end acts as a bridge, turning AI’s blocky results into something users can
read, relate to and act on (Jin et al., 2021; Borner, Bueckle, & Ginda, 2019). Making interfaces for apps
powered by Al goes beyond understanding technology; it requires a real focus on ensuring things are
simple, users trust the app and can decide what they want to do. When a system is easily understood
through displays, gives informative messages and acts predictably, users are more confident in its Al
(Chaddad et al., 2023; Shin, 2021). These things aren’t only extra options—they help ensure people
work with Al ethically and successfully (Saeed & Omlin, 2023).

Front-end developers must work where design, data science and ethics principles meet. Since there are
things people in multiple areas need to do, more people can join in: responsible innovation (Flipse & van
de Loo, 2018), data visualization (Hehman & Xie, 2021) and making Al more straightforward (Olsson &
Vaéananen, 2021). In this environment, developers indicate what something will be like and keep the
digital experience responsible.
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It’s now up to front-end experts to make Al experiences clear, valuable and focused on people. To do
this, we need to stress interpretability, apply explainable Al features and frequently make sure that
interfaces don’t overburden users’ minds or go against their principles (Patton, 2020; Subramonyam et
al., 2022). It’s clear that front-end developers should promote transparency and ethical user interface
development. Their design ensures Al systems have power, respect for principles, and trustworthiness.
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