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Amazon PR/FAQ

Q: What is Alexander?

A: Alexander is a personal onboarding assistant designed to help new joiners
by answering their questions through a chatbot. It can address various
inquiries related to training (such as ethics training), specific topics (like the
outcome of the last project), facilities (including booking a room or setting up
a printer), work administration (such as using the vacation tool for paid time
off), and company information (like dress code and company values).

Q: What purposes can Alexander be used for?

A: Alexander can be used to ask questions that enhance the onboarding
experience. HR and the relevant department can configure access profiles
with confidentiality levels to control the types of content new joiners can
see, determining which sensitive documents they can access. HR and the
department can upload data to a storage location from which Alexander
retrieves information.

Q: How do | use Alexander as a new joiner?

A: Launch the pre-installed application on your desktop, log in with your
enterprise credentials, and start entering prompts. The application will
provide written answers and, if applicable, include references to internal
documents, internal links (such as links to ethics training), and email
templates. You have access to a home screen repository where you can
check previously and frequently asked questions, as well as the most
relevant materials for your current project, offering quick access to essential
documents.

How do HR and department heads use Alexg

A: HR and department heads can access a settings Ul to configure
profiles. HR can set the confidentiality level for each new joiner on a
four-level scale: (1) public, (2) company internal sharing only, (3)

sharing only with relevant team members, and (4) highly confidential,
which cannot be shared unless there is a justified reason.




Amazon PR/FAQ

Q: What s included in the interface?

A: The interface includes a chat interaction space for entering questions and
receiving answers, a home screen repository with the most relevant
documents and recently requested documents for new joiners, quick links to
common company policies, and a list of important contacts.

Q: What LLM is Alexander using?

A: Alexander uses a third-party large language model (LLM) for initial training
with data to enhance accuracy. This approach offers higher-quality outcomes
compared to off-the-shelf models.

Q: Who should use Alexander
A: New joiners in a company, department, or team who need answers to their
questions—whether simple or complex—should use Alexander.

Q: How does Alexander treat your data?

A: Alexander treats data with high confidentiality. Data is not shared outside
of the company’s infrastructure, and the model is trained solely on company
internal data.

Q: How is Alexander trained?

A: Alexander undergoes supervised initial training involving data
labeling with policies, training manuals, and FAQs. Following this,

a second training phase utilizes the client company’s specific data.
A closed development environment is set up for each company,

ensuring internal data is used to refine the model without external
access, and the data remains solely for internal use.




Problem Definition
and Context

Onboarding efforts in the U.S. tend to focus heavily on foundational
training content. The top areas covered in onboarding programs include
mandatory compliance training (53%), processes and business practices
(46%), technical and soft skills development (both 41%), company
values and culture (39%), and training on products, services, and
internal systems (ranging from 36% to 39%) (Bohne 2024a). While these
areas are essential, the data shows that onboarding remains primarily
content-driven. However, this process is often fragmented,
overwhelming, and inefficient in many organizations, especially large
enterprises.

New hires often face the challenge of navigating large volumes of
information across fragmented systems like SharePoint or Confluence,
frequently without clear structure or role-specific guidance. Although
organizations provide documentation, it rarely adapts to the employee’s
level, business unit, or working model, making it difficult to access the
right information at the right time. Global onboarding obstacles include
ensuring a positive new hire experience, maintaining engagement,
delivering personalized onboarding, and securing leadership buy-in
(Bohne 2024b).

Additional challenges include automating workflows, provisioning tools,
access, and measuring onboarding program effectiveness (Bohne,
2024b). These findings suggest that many companies struggle not only
with delivering content but also with creating structured, measurable,
and personalized onboarding processes. Deloitte (2023) found that
workers who experience highly effective onboarding are 18 times more
likely to feel committed to their company, and 69% are more likely to
stay for at least three years.



In response, Deloitte designed onboarding blueprints for distinct
employee personas, early career hires, experienced hires, hiring
managers, and onboarding buddies, mapping journeys over 12
months with cohort-based milestones tailored to role, hybrid setup,
and organizational hierarchy. This approach delivered contextualized,
level-specific guidance to enhance retention and accelerate
productivity.

Without such frameworks, new employees often lack the clarity and
support needed to confidently navigate their roles from the start.
Without accessible and well-structured onboarding support, new
employees are left to navigate complex processes on their own,
significantly impacting their early productivity and overall
engagement. In parallel, HR and senior staff are burdened with
recurring administrative and explanatory tasks. Instead, time that
could be spent on strategic initiatives is consumed by answering
routine queries (Bohne 2024b; Deloitte 2023).

Key onboarding challenges faced by HR professionals worldwide
include inadequate monitoring of new employees (49%),
inconsistencies in how onboarding is applied across the organization
(48%), a lack of clarity regarding responsibility for onboarding tasks
(43%), and difficulty in measuring the success and effectiveness of
onboarding programs (43%) (Bohne 2022a). These issues reflect a
broader struggle to establish coherent, accountable, and results-
driven onboarding practices across departments and management
levels.

The duration of onboarding programs further reflects this challenge.
In North America, 38% of onboarding programs are limited to the first
day or week, and only 39% extend to 1-3 months. Longer programs
are rare, with 16% lasting 3—-6 months and fewer than 7% going
beyond that (Bohne 2024c). These numbers highlight a trend toward
short-term onboarding despite growing expectations that onboarding
should support long-term employee engagement, cultural integration,
and productivity ramp-up.
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Moreover, expectations for what onboarding should achieve are growing.
86% of HR professionals expect onboarding to help new hires feel at ease
in the company, 74% want to accelerate time to contribution, 53% focus
on improving retention of new employees, and 41% aim to reduce costs
(Bohne 2022Db).

These expectations reflect a strategic shift from onboarding as a basic
administrative necessity toward a holistic tool for cultural integration,
engagement, and long-term organizational impact in the shortest amount
of time possible. Underlying our solution is a key assumption: in most
medium to large enterprises, the most important business information is
already documented. The issue is not the absence of knowledge but its
discoverability, context, and delivery. Employees often don’t know what
to search for, where to find it, or how it relates to their specific roles. This
lack of context-awareness hinders their ability to perform effectively
from the outset.

| Alexander |

Purpose Al-powered knowledge
management system for employees

O chatePT € Gemini
Inspiration| o g stisearch % SharePoint

Improves knowledge-sharing,
Context speeds up decision-making,
enhances productivity

Custom LLM, secure storage,
Technology| Ap|integrations (Microsoft 365,
Slack, Jira)

v | 2.0 4 8,

Mew employees  HR managers Executives

Saves time, enhances security,

Rationale | oides up-to-date information

. Prototype - Internal Testing »
Evolution | cystomization - Enterprise Integra-
tion » Compliance - Scaling

FIG 1. PICTURE for Alexander



Our Solution

We propose an Al-based application, “Alexander”, to assist new joiners in
all questions related to their onboarding. We intend a standalone
application which will process prompts primarily using company internal
data, providing the new joiners helpful answers or contact points for
further guidance.

Alexander will be connected through an API to other applications of the
company such as the knowledge management system to grasp
unstructured as well as structured data.

The connection to other applications enables agentic features allowing
the user to further act on the initial prompt. For example, asking
Alexander how to write an email in the appropriate tone to a specific
client would open a new Microsoft Outlook email with a suitable
template. The application consists of a home screen with the most
relevant document suggestions (e.g., ethics policies), chat functionality,
quick links to key documents and important contacts.

The solution has a role-based access control (RBAC) ensuring that
employees can access only permitted documents based on a need-to-
know principle. HR-managed user profiles will control access and each
department (e.g. marketing) can specify accessible documents (e.g., last
year's performance documents).

Governance of Alexander

e Our IT team will collaborate with the client’s IT department for the
initial application setup.

e The client's IT department will provide the necessary data sources
(with the materials to be processed) for Alexander.

e The client company will also provide initial training data for
supervised learning purposes.
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Value proposition

Alexander addresses the problem by providing the new joiner with a
virtual onboarding assistant to whom they can pose questions of simple
nature or complex nature. The chatbot functionality can answer simple
and complex questions, effectively replacing the time senior managers
typically spend on these queries. By providing accurate, detailed answers
and suggesting the next steps (like drafting emails), the assistant reduces
the onboarding workload for managers. The 24/7 availability ensures
immediate answers, eliminating waiting times and accelerating the
onboarding process. Moreover, new joiners can ask questions they might
have previously hesitated to ask, leading to better knowledge acquisition
and identification of knowledge gaps.

Alexander would consistently provide high-quality answers based on the
company’s document knowledge, removing the circumstance that answer
quality might differ from employee to employee. Compared to existing
competitors, our main differentiation would be the training on proprietary
data to ensure highly accurate prediction rates. Firms such as Blackrock
have successfully developed models which are more accurate than
commonly available generic off-the-shelf models (Blackrock, 2024). Our
service offering would be a proprietary model for every company.

Over time, the application can determine the most asked questions and
based on that provide the HR department and other departments insights
on which questions are frequent. Those departments can then integrate
those insights and improve the overall service. Continuous improvement
will also be facilitated through reinforcement learning, enabling the
application to deliver increasingly better results.

Use case scenarios

Onboarding for
employees

New department tasks

Promotion for new roles

[Providing new employees

with basic information about
the company during the first
few days/weeks in the
company. Helping them to
adapt faster.

Helps the HR department to
updates tasks and
notifications for employees

Support for change of
team/department. Providing
newly promoted employees
new tasks and file access]




Target group

The target group users are white-collar workers in professional, managerial,
and administrative roles. We assume that these individuals deal with a high
load of information during their initial weeks, leading to numerous questions.
New joiners might hesitate to ask too many questions due to the new
environment and desire to make a strong first impression, potentially fearing
that frequent inquiries could reflect negatively on their qualifications.

Alexander’s benefits can be fully experienced on a desktop operating
system, making new office-based employees an ideal target group due to
existing infrastructure (desktops, network access). We are targeting high-
growth companies with a higher number of new onboardings as well as
companies with a high turnover (e.g. those employing many contractors or
consultants) where Alexander can provide added value.

Companies with high personnel costs such as banks would benefit strongly,
as itisin their interest to conduct a timely onboarding so that new joiners,
particularly senior employees, can become productive quickly.

Maximilian (24)

Recent Graduate
& Trainee at an No knowledge of prior

First full-time role Investment Bank investments

Unfamiliar with practical
financial terminology

New to firm policies,
values, ...

Expected to support
operations from first
day




User Journey

6. User Feedback

User goal: Provides useful
feedback for Al to improve.

User action: The user reviews the
response and submits feedback on
its usefulness

1. Initial Exploration

User goal: Reliably use Alexander as
a first point of contract for questions
and information. Reducing reliance
on colleagues & managers

User action: User accesses the Al
assistant via web Ul or mobile app

2. Interaction: Home screen

User goal: Get an overview of
what Alexander offers and see
relevant information
immediately

User action: Goes to home
screen, sees suggested
documents, notices the chat
interface and quick links

3. Using the Chat
User goal: Ask a specific question

User action: User submits a query
e.g., “What is the company’s leave

policy?”

5. Using agentic features

User goal: leverage Alexander to
initiate tasks in other systems

User action: User asks Alexander
to perform a task

4. Response Review

User goal: Receive helpful
information like guides, contact
information

User action: User receives a
response from the assistant and

FIG 7. User journey diagram for Alexander

12



Tech Overview

Overview of the Technical Solution

This technical solution involves creating a chatbot that helps new
employees learn about company policies by leveraging Natural Language
Processing (NLP), Machine Learning for Recommendations, and Knowledge
Graphs. The company's documentation is ingested into the system via an
APl and stored on our servers for training. The model absorbs the data and
self-annotates the company information based on its initial training. It then
compiles this data and accesses it via input data from the central database.

The main interaction component is the chatbot interface managed by the
NLP, which connects to the knowledge graphs and is continuously
improved by machine learning tools integrated into its overall digital
structure. Each component interacts seamlessly to provide accurate,
relevant, and personalized information to users. Below is a detailed analysis
of each section and how they contribute to the overall system.

{ System Design Principles ]

l '
Scalability and
Adaptability ﬁ Security >

The architecture ensures the system can
handle increasing amounts of data and user
queries without performance degradation

[

( User-Centric @ { HR & IT Oversight

The system is designed to prioritize user
needs, providing accurate and helpful
information, The Ul is kind to the eve and built
o be accessible 10 new users.

There are robust security measures to protect
user data and ensure compliance with data
protection regulations.

HR can update and filter documents Al gives
#coess to through it's Interfaces

Most of our clients are not going 10 have
experience of our service and need to be able
1o wsa it intuitively.

IT backend access ensures security updates
and threat monitoring for users and
administrators

This means that we must be able to keep
adding new customers and have a strang
ability to handle large data sets from larger
clients

This is essential for us as we will be a B2B
company, and our privacy and security
architecture are essential.

There does also need to be a strong backend
for HR and management to be able to control
and manage data for the end users within their
firm.

The system continucusly learns from user
interacticns and feedback to improve its
responses,

The evaluation models and machine leaming
tools allow us to improve as the solution
generates responses and receives feedback.

Lesing or exposing company data could be a
deathblow to our business and stop future
CuStemMer aquisition.

FIG 8. Alexanders System Design Principles
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Models Interactions and
Output Generation

Alexanders System Interactions

Description of the model and Specific Model that exectues this function ] The d ata I-S d ellve red
what it does in the process through either an API,

Manual interface in

the Ul, or through

intents and entities. Essential for us to aus u pload I ng and image
understand the employee prompts. : g . ; Lol = - . Or Manifest/ Excel. to

the techinical solution

Text Analysis: The NLP maodel pr he text to ident Ttents and
antities using techniques like tokenizatio ;
E int alle i

e, and recognizing s

Sentiment Analysis: The solution then
uses pre-trained sentiment ana
algorithms to
negative, or neutrs
At

graphs and extracts the correct
information for the user's specific prompt.

Content-Bas ilterin ntent-based
filtering matcheas ] t of documents

o retrivig company-specic Neod: A hat i FIG 9. Alexanders
e System and Models
information is used for ti:gjr;?;pan::e. inte raCtion Diagram)

(Chandra, 2024),

Semantic Search: Semantic search uses

e e necneasd  (ElasticSearch, 2025)

(Google Dev, 2025)
(Kumar, 2024), (Murel,
2024), (Neo4j, 2025).
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Knowledge Graphs

A knowledge graph are structured forms of information that connects data
points through relationships. It organizes data into nodes (representing
entities like people, places, or things) and edges (representing the

relationships between these entities). A good way of understanding this
concept is of an advanced labelling technique that allows for quick
searching of large data sets. This structure allows for more intuitive and
efficient querying and analysis of complex data.

Knowledge Graph Creation

The models create knuwledge graphs by integrating data from
~ various sources and establlshing relationships between entities

Data Integratlon Combine
Entity Relationships: Identlfy and label
data from internal dOCUlTIEﬂ'tS , :> > > relationships between entities, consider it

ser querles and pUblIC working like this example-- employee ->
sources. belongs to" -> "department”

Graph Embeddings: Use graph Graph Construction: It then
embedding techniques to represent constructs the knowledge graph
entities and relationships in a vector using labeled data, ensuring

space enabling efficient retrieval <

it accurately represents company-

and semantic search specific information for each custome

FIG 10. - Data Sources and Data Preprocessing



Training

Data Annotation

Data annotation will be crucial for training the models effectively in a two-
step process. First manual annotation using human annotators label data
based on predefined categories to create a high-quality training set. Then on
new datasets the model can do automated annotation: As the model learns, it
begins to self-annotate new data, reducing the need for manual intervention.

The Ingression Models

This process will be done via supervised learning on this initial Data Set we
use labelled datasets to train the model. This includes company-specific data
such as policies, training manuals, and FAQs. The initial data set helps the
model understand the structure and content of company information. Buy
this or from our first partner, probably easier to just buy it outright from a
bankrupt company! Then the model is trained to self-annotate new data by
recognizing patterns and relationships within the initial data set. This involves
labelling intents and entities automatically based on learned patterns. Human
in the loop training will be required, and we will get a third party to do this for
us.

Transfer learning for the main line models will use pre-trained models
leveraging pre-trained models for the NLP like BERT or GPT that have been
trained on large datasets. These models are then fine-tuned on company-
specific data to adapt them to the unique requirements of the company. Over
time we will have to do fine-tuning to adjust the pre-trained models using the
company's data to improve accuracy and relevance in responses.

Onto the Training Timeline }¢

16




The Training Timeline

Learning paths guide the progression of training, ensuring the system
learns effectively and adapts to new information: we will have the initial
training focusing on understanding company data and self-annotating
information. This phase involves intensive training with the initial data set
to establish a strong foundation. Then ongoing training with regular
updates and fine-tuning based on new data and user interactions. This
phase ensures the model remains accurate and relevant. Finally, we have a

state of advanced training incorporating feedback mechanisms and
continuous evaluation to refine the model further. This phase focuses on
iterative improvement and adaptation.

The Training Timeline

Initial Training Advanced Training
(1-2 months) (6+ months)

« Data Collection: Gather internal documents,

user gqueries, and public sources. . Iterative Improvement: Regular
+ Manual Annotation: Human annotators updates based on evaluation results.
. Enhanced Features: Introduce

label the initial data set.

« Supervised Learning: Train the model using advanced features and capabilities
labeled data. based on user needs and feedback.

O

« Transfer Learning: Fine-tune pre-trained

p maodels on company-specific data.

® o

Ongoing Training
(3-6 months)

* Automated Annotation: The model begins to
self-annotate new data.

+ Continuous Evaluation: Monitor performance
and update the model regularly.

+ Feedback Integration: Incorporate user
feedback to improve responses

FIG 11. The Solutions Training Timeline 17



Data Types & Transfers

Data Types and Data Ingestion

Data Ingestion Types of Data Collected

Securely transfers company data from

LU IR i (LT Employee Queries: The Al assistant

I e T Sl e T T processes user questions to
e canr e e provide relevant responses.
Central Dat a H u b customers. These endpoints are

designed to handle various types of
data, such as documents, user queries, o
and metadata. Company Documents & Policies: The

system accesses HR guidelines, IT
Firebase or AWS servers. Hosts the Al Authentication: Implement robust policies, and internal knowledge
system, the customer company data authentication mechanisms (e.g., OAuth, bases. File types such as PDFs, Word
and our own internal workflows. Very API keys) to ensure that only authorized documents, and text files, extracting
secure and scalable through our systems can send data to our servers. relevant information our NLP,
hosting service.

A centralised server run on Google

Data Formats: Ensure the APl can

handle multiple data formats (e.g., Interaction Logs: Limited metadata
JSON, XML, CSV) to accommodate (e.g., timestamps, feature usage)
different types of company data.

is collected for performance
improvement.

Purpose of Data Collection

What is NOT Collected?
No personal emails, messages, or
sensitive personal employee data.

Enable context-aware Improve onboarding Etr;?(jru\c:ﬁ ?;iﬁgﬂ;i?
responses to efficiency by providing l : g{ ithi :
employee queries. real-time assistance. el s

constraints).

FIG 12. Data Types and Data Ingestions

The Data Flow

The model collects data from muliple sources to get better accurancy in
the prompt response outputs. This data is collected and delivered to the

central proccessing hub, where the seqeunce of algorithms process inputs

from the API’s and generate the ouput throught the NLP BERT into the
chat.




UML Diagrams

Use Case Diagram

Input
Document/Question

Receive

Client User @ Admin."Management
|-:<-’-I:xter‘|d>>>

\ Provide

Feedback

Access Chat
History

FIG 13. Use Case Diagram

In this use case diagram above illustrates the key interactions between
the two main actors of the onboarding assistant system, the Client User
and the Administrator/Management. The client user represents a new
employee or any staff member using the chat-based assistant.

Their primary interactions include inputting documentation or

questions into the chatbot, receiving answers, providing feedback and
accessing chat history. On the other hand, the
Administrator/Management represents HR personnel or system
administrators. Their interactions are focused towards maintaining and
optimizing the assistant’s backend by managing the Al dataset and
monitoring interactions. 19




Class Diagrams

Class Model

The class diagram above outlines the key
data entities and their relationships
within the onboarding assistant system. It
focuses on how different components AR —
interact to deliver a streamlined, Al-

Manages

powered onboarding experience for new \ / U= )
employees in various firms. There are
users (new employees),

Uploads

Has

documents/questions, summaries, and
feedback. Document/Question represents
the input provided by users, summaries = —
are the Al-generated responses based on
the input, and feedback is the users' '
opinions about the generated responses.

Receives

FIG 14. Class Diagram

Input :l

Document/Question

Send file

fe----- acurn Sy ]

Save Result ﬂ

Display Summary

Provide Feedback

FIG 15. Sequence Diagram

Sequence Diagram

This sequence diagram captures the end-to-end interaction flow
between a new employee and the onboarding assistant system, showing
how a user query or document is processed and responded to through

the system’s layered architecture. It is a diagram composed of the actors

& components within the system, such as customers and the web
interface, among others, while illustrating the process flow.
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Implementation - Structure and

Platform Interaction

Firstly, addressing the system architecture of the client and how Alexander
fits into this issue. The client’s system will involve local document storage
and cloud-based operations. Alexander will act as a SaaS layer. Clients will
upload their files or questions via web interface or API; the data will go to a
cloud-based backend, such as AWS S3 + Lambda or EC2, it will be processed
by Al, and then the results will be returned.

The platform selection will be a primary interface that is fully web based and
accessible via browsers with a responsive design for both desktop and
mobile. The tech stacks mention using Langchain, OpenAl API, AWS,
Python/Flask or something similar. Meanwhile, the future app integrations
can be discussed as a scalable vision.

Additionally, a clean dashboard Ul for employees with drag-and-drop upload,
with a chat interface, the summary generation or reply includes feedback
buttons that determine whether the answer was helpful or not. The backend
can be accessed by management or the administrative department, where
they can access data logs, user activity, and model feedback through an
admin portal.

Finally, detailing the integration strategies. An initial onboarding process will
be conducted through demos and firm outreach. To encourage further
adoption, trials or APl access could be offered. For firms operating within an
existing cloud infrastructure, a seamless plug-in style could be implemented.
There will be an ongoing use through retraining the Al with firm-specific
documentation.

Definition of Requirements

Considering modern offices, it is important to address the desktop
requirements to be able to run the program. Hence, a desktop that can run a
modern browser (Chrome, Firefox, Edge), a stable internet connection and
no heavy local resources will be required to run the program. 21




Storage and Safety

Regarding storage, on-premises is challenging to implement;
therefore, Alexander opts for the Cloud, since the use of AWS services
will be instrumental. Such as using S3 for storage, Lambda/EC2 for
processing and DynamoDB/RDS for metadata storage. There is the
advantage and benefit of easy scalability through serverless
architecture. Data encryption (AWS KMS) and role-based access
control are the central points of the program.

Data Access and Processing

The data will be stored in AWS as the files are uploaded to the
program, while relying on real-time processing on the cloud between
the shared devices. Hence, the model, fine-tuned locally, processes
and returns a reply in seconds. The program will support dynamic
scaling based on the file volume.

Manual Entries and Learning Inputs

Concerning manual data entry, users can manually upload non-digital
or annotated notes, and the interface will further support this by
allowing tagging and categorization of non-documented information.
A feedback loop will be in place, allowing users to provide insight via
feedback. Additionally, offering an option to input case-specific notes
or comments will help enrich context.

On the other hand, for data validation, using version control and
timestamping to avoid outdated documents and keep data as current
and reliable as possible. For retraining purposes, only authorized
documents will be allowed to be used. Finally, feedback will be
flagged and verified before being used in the model’s learning
process.

22



Evaluation of the app
1n the real world

To assess the real-world efficacy of Alexander, a comprehensive evaluation
strategy has been developed to examine its usability, functional
performance, and broader organisational impact. Designed to support new
employees as they navigate complex information systems and social
environments in the early stages of their employment, Alexander must be
tested for its technical accuracy and ability to address human and
organisational needs.

The overarching goal of the evaluation is to determine how effectively
Alexander reduces onboarding friction, enhances access to critical
knowledge, and alleviates the burden placed on HR teams and senior staff.
Specifically, we aim to measure whether the assistant is intuitive and
engaging for users, whether it meaningfully reduces the time required for the
new employees to reach productivity and whether it delivers relevant,
accurate responses that are personalized to users’ roles and departments.
Importantly, we also seek to understand the social dynamics of adoption.
Whether users trust the system, feel more confident asking questions
through Al than human channels, and whether HR and management perceive
it as an asset or an added complexity.

To achieve these aims, we adopt a mixed-methods approach that balances
quantitative rigour with qualitative insight. One strand of the evaluation
involves a comparative study, where two groups of new employees, one
using Alexander and one onboarded through conventional methods, are
assessed across metrics such as onboarding duration, number of HR
interactions, and time-to-productivity, as judged by their direct supervisors.
These forms of A/B testing are widely recognized for their reliability in
isolating the impact of new technologies in workplace settings and will offer a
baseline understanding of Alexander’s measurable benefits.n parallel, we will
conduct task-based usability testing with a selected group of participants.
These individuals will be asked to complete daily onboarding tasks using
Alexander, such as locating internal policies or finding departmental contact

points. 53



Evaluation of the app
1n the real world

ITheir interaction will be monitored for task success rate, efficiency, and
user satisfaction, with follow-up surveys using to provide a standardized
perceive usability assessment. This will help identify design strengths and
usability bottlenecks, ensuring the assistant is accessible to users with
varying levels of technical proficiency.

Complementing these direct interactions, we will also analyse anonymized
system usage logs to uncover behavioural patterns. This includes
monitoring the frequency and timing of queries, the type of documents
accessed and the success rate of information retrieval. The assistant’s
feedback loop, where users can rate the relevance or helpfulness of the
answer, will be critical for identifying response quality and informing future
model refinement. To enrich our understanding of Alexander’s
organizational value, we will conduct semi-structured interviews with HR
professionals and team managers.

These stakeholders can offer a critical perspective on how the tool
integrates into existing workflow to reduce repetitive tasks. Their feedback
will be essential in refining the role-based access model and ensuring
compliance with internal policy standards. Finally, all new joiners
participating in the trial deployment will be invited to complete a survey
reflecting on their onboarding experience with Alexander. This will gauge
their satisfaction, perceived confidence and willingness to rely on the
assistant over traditional channels.

Evaluation responsibilities will be shared across the project team, HR, and
departmental leadership. The technical team will lead the analytics and
usability testing. HR will coordinate participant recruitment and data
collection; managers will provide performance-based feedback on
employee progression. This collaborative approach ensures that Alexander
is functional, secure and genuinely valuable for addressing modern
organizations’ onboarding challenges.
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Future use cases and
design reflections

While Alexander is designed with the purpose of helping employees to better
adapt to their new work environment, potential future expansions can be
made for the app to better optimise in different work settings. Research
conducted by the Office for National Statistics (ONS) found that after the
covid pandemic, more than 50% of people living in London are working
remotely outside of their office (ONS, 2020), indicating that remote work has
now become a popular work culture.

Similarly, while Alexander is intended to help white collar workers to adapt
faster during their first few weeks working at a traditional office environment,
non-white collar workers could utilise Al assistance during their onboarding
phase. For instance, employees who have a peripatetic work schedule (e.g.
traveling salespeople, care workers, plumbers...) are required to travel
frequently from various locations for their work, this makes the onboarding
process more complicated and obscure for new joiners as they are required to
be mobile without any colleagues or superiors present at scene to guide them.

In addition to the design of Alexander’s chatbot interface, the current
prototype consists of text-based communication between the machine and
the user. While this may be beneficial for users that are familiar with texting via
a keyboard or touchscreen interface, it is a challenging medium for disabled
users to navigate. To provide a more user-friendly option for users with
physical disabilities, audio-based communication can be implemented as an
alternative communication method between a human agent and the Al
chatbot, allowing the system to register via speech recognition application and
respond with audio messages in response to the user’s queries.

Lastly, as an Al assistant tool designed for improving workplace efficiency and
organisation management, it is imperative to keep in mind how cultures may
be an important factor affecting organisational practices. The current version
of Alexander targets users in the Western hemisphere with regions that are
predominantly English language dominated, this gives the opportunity for a
potential examination into how Alexander could adapt to various other
cultures. 25
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