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Abstract:

Aims and Objectives: Consumer behaviour in global markets has been affected by the rapid evolution of machine learning (ML)
and artificial intelligence (Al). The research aimed to evaluate the impact of ML on consumer decision-making, along with the
mediating role of the Al recommendation system, using the case of Germany. Germany was a good case study because of its
stringent duty to protect privacy and sizeable tech-savvy consumer base.

Methods: A quantitative, cross-sectional design was used with 385 German consumers surveyed through a structured Likert scale
questionnaire. The data was analyzed using the PLS-SEM and SmartPLS.

Results: The findings indicated that ML (B = 0.250, p-value = 0.00) significantly and positively impacts consumer decision
making. It also indicated that the Al recommendation system (B = 0.222, p-value = 0.000) partially mediates the relationship
between ML and consumer decision making.

Conclusion: This research provides practical guidance for companies, focusing on a transparent, user-centric Al system that
empowers rather than controls consumers. In contexts like Germany, success relies on cultural alignment, trust, and user autonomy,
not just advanced technology, elaborating the need to tailor Al design and deployment strategies to specific consumer environments.

Keywords: Machine learning, consumer decision-making patterns, Al recommendation systems, customer trust, SEM,
Al technologies.

1. INTRODUCTION

Artificial intelligence (AI) has brought a massive
change in the retail landscape in recent years, specifically
in tech-advanced countries such as Germany. Since
consumers highly demand digital platforms for shopping,
Al recommendation systems have become essential for
businesses aiming to capture and retain consumer
attention (Rodrigues, 2021). Such systems use complex
algorithms to analyse consumer behaviour and give them
personalised product suggestions, which can influence
purchasing decisions in a significant way. Germany has
strict customer protection laws and strong privacy

standards (Habil et al., 2023; Chabane et al., 2022). This
makes it a unique context to understand how an Al
recommendation system mediates the relationship
between Machine learning (ML) and consumer decision-
making patterns. Though Al recommendation systems
have many benefits, including personalization,
efficiency, increased engagement, and customer
satisfaction (Babatunde et al., 2024; Pereira et al., 2022),
there are significant challenges in the present
understanding of impacts on consumer decision-making
including privacy concerns, trust deficit, algorithmic bias,
and sustainability limitations (Zhang & Xiong, 2024).
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Regarding Germany, a lack of evidence is found on the
customers' perception of Al-driven recommendations,
mainly regarding trust, safety, and personalization.

Over the last few years, ML has dramatically altered
consumer decision-making patterns, especially in
technology-savvy economies such as Germany. Being a
world champion of digital innovation and data
safeguarding, Germany showcases a distinctive
environment where personalization fueled by Al crosses
paths with robust consumer rights (Abrardi et al., 2022;
Mishra & Varshney, 2024). ML algorithms are becoming
more widely employed by retailers, e-commerce sites,
and online marketers to sort through massive amounts of
behavioural data, like browsing history, likes and
dislikes, and buying habits, to provide hyper-personalized
product suggestions, pricing, and content (Rathee, 2025).
Such personalisation increased customer engagement and
impacted purchasing decisions by anticipating needs
before they become consciously aware (Misra et al.,
2024). However, embracing ML in German markets
requires walking a delicate line between innovation and
privacy under the control of stringent data laws such as
the General Data Protection Regulation (GDPR).
Consequently, German consumers are both enthusiasts
and critics of machine learning, and this is a situation that
mirrors a delicate dance between trust, convenience, and
control over decision-making.

Although there is a high body of knowledge on
personalization and predictive analytics (Lee ef al., 2021;
Chen & Zheng, 2024; Singh et al., 2024), little is known
about how trust affecting it, deriving from privacy
concerns and transparency, affects the degrees of
adoption and value perception of these technologies in the
consumer decision-making process, especially within
highly regulated markets such as Germany. It is crucial to
carry out this research in Germany because it has high-
level digital infrastructure, effective data privacy policies,
and increasing Al-dependent consumer technologies
(Misra et al., 2024). As machine learning-based and Al-
based recommendation systems increasingly determine
consumer purchases, it becomes essential to know how
they affect behaviour in a market like Germany, where
consumers are privacy-oriented and technology-enabled
(Rathee, 2025). This research assists in revealing how Al
recommendations act as mediators of consumer decision-
making, providing insights into whether such
technologies improve or influence choices. The study will
benefit companies by providing guidelines on ethically
optimising Al systems for increased customer interaction.
Consumers will become more aware of how data drives
their decisions, enabling them to make informed choices.
Policymakers can apply the results to fortify policies
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safeguarding consumer autonomy and enabling

innovation. Researchers and technology creators will
similarly be advantaged by increased insight into human-
Al interaction in an actual environment. Finally, this
research encourages responsible utilization of Al in
Germany's consumer market.

2. LITERATURE REVIEW
2.1. Empirical Review

Consumer decision-making is a complicated process
affected by many factors, including personal liking, social
influences, and situational factors (Pappalardo et al.,
2024; Wong et al., 2023). (Heins, 2023) conducted the
study in Germany and revealed that customers display
distinctive decision-making styles characterized into
three types. Machine learning influences the consumer
decision-making process by enabling people to recognize
their needs, evaluate the alternatives, and make a choice
based on recommendations that they are given, based on
their profile. These technologies can alter purchase
behaviour and promote loyalty by streamlining
information search, raising confidence in decisions, and
improving trust and satisfaction (Kim et al, 2021;
Vashishth ez al., 2024). (Alizadeh et al., 2023) conducted
the study in Iran. They indicated that ML contributes to
predictive analytics in which ML models can forecast
trends depending on historical data, which can help
businesses anticipate consumer needs, impacting their
decision-making patterns. ML uses personalization to
look at what consumers are doing on the website and their
preferences, and then it can deliver more relevant
recommendations and improve the purchase experience.
It can tailor the recommendations and enhance their
shopping  experiences. Considering the given
information, the hypothesis could be;

H1: Machine learning affects consumer decision-
making patterns in Germany.

Al recommendation systems significantly leverage
ML to influence consumer behaviour (Zhang et al.,
2021). Moreover, they work on principles like
collaborative filtering, hybrid approaches, and content-
based filtering. Specifications in this regard include
personalized recommendations. This system analyses
user data, such as browsing history or old purchases, to
suggest products matching customer preferences.
Another is Real-Time Adaptation, which helps the Al
system adjust the recommendations in real time based on
the new data inputs and ensures significance and
appropriateness (Meng, 2024; Gkikas & Theodoridis,
2021). Furthermore, through enhanced user experience,
perfect recommendation systems can streamline decision-
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making and reduce consumers' time and effort searching
for products.

Al recommendation systems mediate the relationship
between machine learning and consumer decision-
making in many ways (Beyari & Garamoun, 2022; De
Mauro et al., 2022). One of the significant roles is to
reduce information overload. While filtering extensive
product selections with the presentation of custom-made
options, the recommendation systems ease the decision
fatigue. Moreover, Al recommendation systems enhance
customer engagement. The personalized suggestions
increase user interaction, conversion rates, and consumer
loyalty (Iyelolu et al., 2024). Another trait of this system
is to ensure higher trust and customer satisfaction.
Enhanced recommendations increase trust in the brand
since the customers feel appreciated and valued, which
relates to higher satisfaction. Thus, the hypothesis in this
regard is;

H2: AI recommendation systems play a mediating
role in consumer decision-making patterns in
Germany.

2.2. Theoretical Framework

The Theory of Planned Behaviour postulates that
customer behaviour is driven by intentions that are
affected by attitudes, perceived behavioural control, and
subjective norms (Ajzen, 2020). Considering Al
recommendation systems, consumers' attitudes toward Al
recommendations impact the likelihood of engaging with
technology. Moreover, positive experiences with
perceived benefits, such as personalized suggestions,

Machine Learning

significantly lead toward durable attitudes. Moreover, the
views of peers and social influences help shape
perceptions about Al systems, mainly regarding trust and
acceptance, as a part of subjective norms (Conner, 2020).
Lastly, in the context of perceived behavioural control,
when the customers feel that they possess control over the
data and can easily choose out of the recommendations,
they are more inclined to the factor of trust and utilize
such systems (Lazim et al., 2020). If the customers get
Al-generated recommendations that conflict with their
recognized inclinations or values, such as environmental
concerns, they might face dissonance. The theory relates
to post-purchase behaviour, as consumers evaluate the
level of satisfaction and trust in the Al system when they
purchase (Haritha & Mohan, 2022). That significantly
leads to adjustments in the imminent behaviour
depending on their experiences.

The Technology Acceptance Model infers that the
perceived ease of use and usefulness significantly affect
users' decisions to adopt the technology (Davis et al.,
2024). This study considers perceived usefulness when
customers who think Al recommendations enhance the
shopping experience are likely to use them. At the same
time, perceived ease of use means a user-friendly edge
and direct recommendation process, which leads to
higher acceptance and reliance on such systems (Musa et
al., 2024). All these theories help explain customers'
shopping experiences in Germany using Al, which is both
positive and negative. The conceptual framework, as
depicted in Fig. (1), is considered to study the impact of
the variables on one another, with the role of mediating
variables as well.

Consumer Decision-Making
q Patterns

av)

(DV)

Al Recommendation
Systems

M)

Fig. (1). Conceptual framework.
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3. METHODS
3.1. Research Design, Data Collection, and Sampling

The study used a cross-sectional research design to
survey consumers in Germany to determine the impact of
ML on decision-making patterns, along with the
mediating role of the Al recommendation system. It is an
exploratory study in which a cross-sectional research
design has helped in enhancing the efficacy of data
collection while analyzing the procedures (Hunziker &
Blankenagel, 2024; Wang & Cheng, 2020). It even assists
in terms of understanding the nature of the examined
relationships and the significant factors that affect
consumer decision-making in Germany. The study has
used a quantitative research approach to generate
empirical evidence regarding the influence of machine
learning on consumer decision-making patterns in
Germany. Close-ended questions were constructed to
obtain information regarding the research factors
(Appendix A). The measurement used in developing this
questionnaire was the Likert Scale of measurement,
which includes 5 points, starting from strongly disagree
as one and strongly agree as 5. The scale was selected to
ask the participants about detailed insights and related
experience with ML and Al recommendation systems and
how it has transformed their decision-making.

The data collection was conducted using an online
survey strategy. The target audience was consumers in the
German market. The convenience sampling method was
used, and 385 participants were approached. All the
participants were briefed about the purpose of this
research and the exact usefulness of their contributions.
After explaining their right to claim confidentiality and
receiving the information, the participants agreed to
participate in the study and signed the consent form. This
was a credible way to start data collection, ensuring the
importance of trust and ethical conduct.

3.2. Biases

Using a questionnaire survey with purposive sampling
introduces certain biases in the research, which need to be
addressed. The most important bias in such a scenario is
selection bias, where some respondents who might
provide sufficient results may be ignored due to the
selection process. However, (Abobakr et al, 2024)
indicated that selecting participants across different
backgrounds and platforms ensures bias-free sampling.
Hence, this research has used participants from different
consumer groups in the German market, which involves
both retail and clothing brands, to ensure the diversity of
the participants. Furthermore, the participants were also
approached using different platforms such as LinkedIn,

Facebook groups, Instagram, personal contacts, and by
visiting stores personally. It ensured that the respondents'
participation was bias-free and accurately represented.

The standard method bias is also important to address
in such studies. Here, the same method is used for
measuring the independent and dependent variables.
Variables can be detected using Harman's single-factor
test, where exploratory factor analysis (EFA) is tested on
the entire scale, extracting a single factor. The total
variance extracted for the first factor has to be below
50%, reflecting that standard method bias is not the issue
in this study (Kock et al, 2021). Since this study's
constructs provided total variance extracted for the first
factor below 45%, the standard method bias was not an
issue with this study. The research also addressed non-
response bias by indicating the difference between early
and late respondents. The late respondents are similar in
characteristics to the non-respondents as per (Malik ez al.,
2024); hence, the insignificant difference in their
responses reflects that non-response bias does not exist.
The early respondents (n1 = 30) and late respondents (n2
= 30) show insignificant differences for the constructs
such as ML (P-value >0.1), Al recommendation system
(P-value >0.1), and consumer decision making (P-value
>0.1). Hence, non-response bias is not an issue in this
study.

3.3. Data Analysis

Structural Equation Modelling (SEM) based on
SmartPLS was undertaken to validate the relationship
between the constructs, including the measurement and
the structural models (Santoso et al., 2023) (Appendix B).
Reliability and validity of the measurement model were
determined by outer loadings (over 0.7), Cronbach's
Alpha and Composite Reliability (CR) (over 0.7), and
using Average Variance Extracted (AVE) (over 0.5) to
determine convergent validity. The HTMT ratio assessed
the discriminant validity, with a value below 0.85. The
strength and direction of the relationships were analyzed
using path coefficients, and the model's explanatory
power was analyzed using R-squared values (Chen et al.,
2020).

4. ANALYSIS
4.1. Demographic Profile

Table 1 shows the demographic profile of the
respondents. Most respondents (35%) belong to the 26—
30 age group, followed by 31-35 (28%), while only 4%
are over 45. Males overwhelm the sample at 75%, and
females hold 25%. Education-wise, most (55%) have
undergraduate qualifications, 30% are postgraduates, and
10% are under "Others"; a mere 5% possess higher
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education qualifications. This also points towards a
young, male-dominated group with moderate to high
levels of education. The density at the 26-35 age group
suggests a probable early-to-mid-career demographic
profile.

4.2. Measurement Model Using CFA

Table 2 shows the measurement model using CFA to
confirm the reliability and validity of the construct and
indicators. Factor loadings are used to evaluate the

Table 1. Demographic profile.

validity of the constructs, where a value above 0.6 is
considered valid in measuring the construct (Hair et al.,
2017). Since the factor loadings for all indicators are
above 0.6, there is no need to drop any indicator, and the
measurement model is valid. Furthermore, the reliability
of the constructs is evaluated using Cronbach's alpha and
composite reliability, where a value above 0.7 is
considered reliable (Ringle et al., 2015). Since the values
of all constructs are above 0.7, it confirms that the
constructs are reliable.

Demographic Category Category Frequency Percentage

Up to 25 39 10%

26-30 135 35%

31-35 108 28%

Age

35-40 58 15%

40-45 31 8%

Above 45 15 4%

Male 289 75%

Gender

Female 96 25%

Higher Education 19 5%

Undergraduate 212 55%

Education
Postgraduate 116 30%
Others 39 10%
Table 2. Measurement model using CFA.
Factor Cronbach's Composite Average Variance Extracted
Latent Construct Indicators Loadings Alpha Reliability (AVE)
AIR1 0.906
Al Recommendation System AIR2 0.930 0.901 0.901 0.835
AIR3 0.905
CDMI 0.890
Consumer Decision Making CDM2 0.929 0.883 0.884 0.811
CDM3 0.882
MLI 0.783
Machine Learning ML2 0.900 0.811 0.830 0.726

ML3 0.869
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Table 3. Discriminant validity.

Al Recommendation System

Consumer Decision Making

Consumer Decision Making 0.733
Machine Learning 0.467 0.550
Table 4. Path analysis.
Direct Effect
Path Coefficient T Statistics P Values

Al Recommendation system -> Consumer Decision Making 0.554%%* 12.371 0.000

Machine Learning -> Al Recommendation system 0.400%** 7.238 0.000

Machine Learning -> Consumer Decision Making 0.250%** 5.271 0.000

Total Indirect Effect
Machine Learning -> Consumer Decision Making 0.222%%* 6.657 0.000
Specific Indirect Effect
Machine Learning -> Al Recommendation system -> Consumer Decision Making 0.222%%* 6.657 0.000

Note: *** showing significance at 1%

Furthermore, AVE values indicate the convergent
validity with the value above 0.5 (Hair ef al., 2017). The
constructs in Table 2 show values above 0.5, confirming
the convergent validity. Hence, the measurement model
confirms that the indicators and constructs are reliable
and valid.

Table 3 shows the discriminant validity of the
constructs. It shows that the constructs are distinctively
unrelated, and no indicator of one construct loads onto the
indicators of other variables. A value below 0.85 shows
discriminant validity (Hair ef al., 2017). The value of Al
recommendation and Consumer decision making (0.733),
Al recommendation and Machine Learning (0.467), and
consumer decision making and machine learning (0.55)
shows that the constructs are distinctively unrelated to
each other. Hence, there is no issue of discriminant
validity.

4.3. Structural Model

Table 4 shows the path analysis to confirm the
hypothesis of the study. It shows that ML (B = 0.250, p-
value = 0.00) significantly and positively impacts
consumer decision making. The direct effect also shows
that the Al recommendation system (B = 0.554, p-value
= 0.000) significantly and positively impacts consumer
decision making. Furthermore, ML (B = 0.400, p-value =

0.000) significantly and positively impacts the Al
recommendation system. The indirect effect also shows
that ML (B = 0.222, p-value = 0.00) significantly and
positively impacts consumer decision making. The
specific indirect effect shows that the Al recommendation
system (B = 0.222, p-value = 0.000) significantly and
positively mediates ML and consumer decision making.
These results confirm that the AI recommendation system
partially mediates the relationship between ML and
consumer decision making. It indicates the complexity of
the model and indicates that other factors can indirectly
impact the relationship between ML and consumer
decision making, such as cultural impact, technology
literacy, or technological readiness among consumers,
which can impact their relationship. Hence, these factors
also need to be taken into account.

4.4. Model Explanatory Power

Table 5 shows the model's explanatory power. The Al
recommendation system's R-Square is 0.160, or 16%,
showing that 16% of the wvariation in the Al
recommendation system can be explained through ML.
Consumer decision-making's R-Square is 0.481, or 48%,
showing that 48% of the variation in Consumer decision-
making can be explained through ML and the Al
recommendation system.
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Table 5. Model explanatory power.

R-Square | R-Square Adjusted
Al Recommendation System 0.160 0.158
Consumer Decision Making 0.481 0.478

5. DISCUSSION

The results of the current study validate that ML plays
a strong and positive role in influencing consumer
decision-making (B = 0.250, p = 0.000), confirming H1
Table 6, consistent with earlier work by (Alizadeh ef al.,
2023; and Pappalardo et al, 2024). These works
highlighted ML's capability to ease need recognition,
alternative evaluation, and knowledge-based purchase
decisions  through  delivering data-driven  and
personalized recommendations. The findings further
validate (Zhang et al., 2021) conclusions, which posited
that ML improves consumers' trust and satisfaction
through  simplifying information processing and
minimizing cognitive load when making decisions.

TAM and TPB also affirm these findings. From a TPB
view, ML increases perceived behavioural control since
consumers are offered affordable, personalized choices.
At the same time, TAM accounts for adopting ML-
facilitated systems based on perceived usefulness and
ease of use (Haritha & Mohan, 2022). In the case of
Germany, the important role played by ML can be
attributed to the nation's strong technological readiness,
digital level of infrastructure, and data literacy among
consumers. The German focus on openness in Al
practices and respect for data privacy could also translate
to more consumer confidence, and thus more willingness
to use ML-based systems.

Table 6. Hypothesis results.

S. No. Hypotheses Results
1 Machine learning has a significant impact Accepted
on consumer decision-making.
2 Al recommendation systems positively Partially
mediate the relationship between Accepted
machine learning and consumer decision-
making.

The research finds a partial mediation impact of Al
recommendation systems in the relationship between ML
and consumer decision-making (B = 0.222, p = 0.000),
confirming H2 Table 6, reflecting significant variation
from numerous previous works indicating complete

mediation. (Alizadeh et al, 2023; and Beyari &
Garamoun's, 2022) research highlighted that Al
recommendation systems pass entirely the impact of ML
to consumer behaviour, primarily because ML's impact
was viewed as indirect, functioning mainly through
individualized and Al-based interfaces. However, in the
German case, ML directly impacts consumer decision-
making (B = 0.250, p = 0.000) in addition to the indirect
effect through Al recommendation systems. This partial
mediation implies that German consumers can interact
with ML outputs independently, independent of the Al
recommendations. One reasonable hypothesis is that
Germany's highly developed digital infrastructure and
high data literacy enable consumers to understand ML-
driven information critically and make choices without
depending entirely on Al interfaces. Culturally, German
consumers have been described as highly needing
certainty and evidence-based decision-making. This can
cause them to utilize Al recommendation systems as a
tool for support, not as a standalone decision-making
device.

Additionally, Germany's focus on data control and
privacy under GDPR promotes a culture where
consumers are more reserved and independent in their
digital actions. They may believe in ML-driven platforms
but desire to maintain final decision-making power. This
subtlety accounts for the partial mediation; ML shapes
direct and indirect decisions, describing a more
participatory and critically active digital consumer base
in Germany, distinct from observed patterns elsewhere.

CONCLUSION AND RECOMMENDATION

The purpose of this research is to evaluate the impact
of ML on consumer decision-making and the mediating
role of Al recommendation systems. This research finds
that ML significantly influences consumer decision-
making, both directly and indirectly through Al
recommendation systems, showing a partial mediation
effect. This research points out that German customers
tend to interact directly with ML-based insights, given a
context where high digital literacy, strong data privacy
conventions, and cultural autonomy preference shape
technology use.

Drawing on these conclusions, several practical
recommendations follow. Firstly, businesses need to
increase transparency in their Al systems by explicitly
detailing how recommendations are produced, something
that can enhance consumer confidence. Secondly,
platforms need to facilitate consumer autonomy through
options to personalize or override Al suggestions, which
German consumers desire regarding control. Finally,
investments in digital education programs can enable
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users to use ML technologies more confidently. Finally,
Al systems must be culturally tailored to German
consumer values for better relevance, acceptance, and
effectiveness in decision-making.

CONTRIBUTION OF THE STUDY

This research advances scholarly understanding and
real-world application by providing a sophisticated
insight into how ML impacts consumers' decisions and an
Al recommendation system as a mediator, especially in
the German market. The work builds on previous research
by uncovering that Al recommendation systems partially
mediate between ML and decision-making. This
emphasizes the need to account for cultural and
contextual variables, including digital literacy and
awareness of data privacy, which influence technology
adoption and usage trends. From a business point of view,
the research offers actionable guidance to companies and
marketers. It prioritizes user-friendly, transparent Al
systems that enable consumers to dominate them. The
results imply that in countries such as Germany, success
is not solely based on cutting-edge technology but also
cultural fit, trust, user control, and cultural alignment.
Therefore, the research guides Al system design and
action plans for effective deployment in various
consumer contexts.

POLICY IMPLICATIONS

This research has significant policy implications,
specifically encouraging responsible and consumer-
oriented use of Al and machine learning technologies.
The policymakers should work on establishing guidelines
that require transparency in Al recommendation systems,
so users know how decisions are made. As with the partial
mediation discovered in the German setting, policies
would also prioritize user control, data sovereignty, and
informed consent. Secondly, digital literacy programs can
be further supported to enable consumers to interact
critically with Al technologies. Regulatory regimes such
as GDPR should remain an enforced reality and be
extended to guarantee ethical use of Al, promoting
innovation and consumer confidence in digital
ecosystems.

LIMITATIONS AND FUTURE DIRECTIONS

This research has some limitations. First, it is
conducted in the German context only, which might
restrict the generalisability of the results to other regional
or cultural environments in which digital trust,
technological readiness, and consumer behaviour could
be different. Moreover, it only views Al recommendation

systems as mediators and might not consider other
relevant variables like cultural values, privacy issues, or
user interface design.

For future research, cross-cultural comparisons could
yield more in-depth insights into the extent to which ML
and Al systems influence consumer decision-making
processes worldwide. More exploration of other potential
mediators and moderators, such as user trust, platform
usability, and psychological characteristics, would
strengthen the model. Longitudinal designs would also be
able to measure shifts over time in consumer attitudes as
Al technologies change. Scaling up beyond Germany
would ensure testing the robustness and generalisability

of the findings in larger, more heterogeneous
environments.
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APPENDIX A

Survey Questionnaire

S No. Questions

Strongly Disagree

Disagree

Neutral

Agree

Strongly Agree

ML

1 ML tailors the

recommendations, and enhance

the shopping experience of the
customers.

2 ML ensures to get positive
feedback after providing
satisfied services to the
customers

3 ML ensures personalized
recommendations which lead
to increases in sales

AIR

4 AIR offers personalized
suggestions to the customers

5 AIR ensures trust and
satisfaction which attracts
customers

6 User experience is enhanced
through reduced time by AIR

CDM

7 German customers give

priority to the information and

logic instead of the emotional
aspects

8 Brand loyalty matters a lot in
consumer decision making

9 Consumers prefer
sustainability in their
purchasing decisions
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ML1 CDM1
ML2 —0.000-» CDM2
ML3 CDM3
gnsumer Decision Making
5 ~em
/ o \
AlR1 AlR2 AlR3
ML1 CDM1
ML2 0.250 —0.929-» CDM2
ML3 CDM3

gnsumer Decision Making

0.354

Al %h'l]s‘nmagggllorﬂgbs‘em

v

AlRT AlR2 AIR3
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