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Abstract: In smart workplaces, figuring out when employees will be there is important for making the best use of room
and resources. This research shows a smart way to make predictions using a dataset of employee presences that includes
information about time and place. After data preprocessing gets rid of null values and duplicates, exploratory analysis
and association visualization are used to see patterns in how people behave. Several prediction methods are used, such
as AdaBoost, SARIMAX, FTSA, LSTM, DFMM, RobFTS, CNN, and an ensemble Voting Regressor that combines
XGBoost, Gradient Boosting, and K-Nearest Neighbors. Functional Data Analysis is used to describe how things
depend on time and how occupancy patterns change over time. The DFMM model gets 4.68% MAPE and a R? value
0f 91.3%, which means it is very accurate. On the other hand, the Voting Regressor gets better generalization with a R?
value of 93.1%. Explainable Al methods, like LIME and SHAP, are used to figure out what forecasts mean and find
features that are important. For real-world use, the system is built on the Flask framework, which provides a simple
web interface with safe user signup and signin through SQLite, file-based user input, processing on the back end, and
interactive visualization. Users upload test files and choose the time frames for the predictions. The system then shows
weekly and daily employee presence forecasts, including predictions for the next four or eight weeks. This lets managers
make smart choices about how to plan the workplace and use resources most efficiently.

“Index Terms - Functional Data Analysis, DFMM, Voting Regressor, Employee Presence Prediction, Explainable Al

LIME, SHAP, Smart Workplace”
1. INTRODUCTION

Information and Communication Technologies
(ICT) and smart technology are having a big impact
on modern workplaces, which is changing how
things are done and how productive employees are
[1, 7]. The idea of intelligent office environments
came about because of rising property prices,
changing occupancy rates, and the need for long-
term control of workspaces [6]. These places use
data analytics, sensor networks, and automation
systems to keep an eye on the environment and the
distribution of workers. This lets companies make
choices based on data that improve comfort,
resource use, and sustainability [2]. By using
predictive analytics and artificial intelligence to look
at patterns in employee behavior and involvement,
data-driven  strategies in Human Resource
Management (HRM) have made it even easier for
companies to make decisions [3, 4].

Traditional office layouts have changed because of
the move toward mixed and flexible working
models, especially after the COVID-19 pandemic.

This has led to the creation of Activity-Based
Workplaces (ABW) and agile work arrangements
[8]. These flexible systems give workers freedom,
but they make it hard to predict occupancy and run
shared spaces efficiently. More and more, machine
learning and predictive models are being used in HR
analytics to deal with complex workforce dynamics,
predict employee turnover, and make engagement
strategies work better [5]. Artificial intelligence has
also changed important HR tasks like hiring,
reviewing performance, and job advancement. It
makes sure that decisions made by organizations are
fair and reduces bias [4]. Also, workplace analytics
now focus on finding behavioral indicators that are
linked to job satisfaction, stress levels, and
performance outcomes. This makes it easier to
control the health and happiness of employees [9].

The main goal is to create and use an advanced
machine learning and forecasting framework that is
data-driven and smart to look at and predict patterns
of employee presence and involvement. Through
real-time data insights, this method aims to make the
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best use of space, improve the accuracy of decisions,
and support long-term, flexible, and effective
management of the workplace [10].

2. RELATED WORK
Modern workplaces have changed over time thanks
to new ways of working and technology advances
that make them more flexible, productive, and
engaging for employees. New Ways of Working
(NWOW) have had a big impact on company
structures by encouraging employees to be self-
sufficient, share their knowledge, and be flexible in
hybrid work settings [11]. Transformational
leadership and social contact have been found to be
important in supporting intrapreneurial behavior and
innovation within NWOW frameworks. This shows
how leadership dynamics can make flexible
workplace models possible. Changes in this area
have also been linked to changes in how motivated
and engaged workers are, which means that
companies need to use digital tools to keep an eye
on and support flexible work schedules [12].
The COVID-19 pandemic sped up the acceptance of
flexible and remote work models, which completely
changed how companies handle human resources
and how they set up their workspaces. Studies have
shown that during the pandemic, there were big
changes in how engaged, tired, and productive
employees felt. For example, public employees
reported different levels of job satisfaction based on
the availability of digital tools and the level of
support they received from managers [12]. Activity-
Based Workplaces (ABW) became the most popular
type of workspace after the pandemic. They stress
flexibility and making good use of space in ways that
go beyond standard office layouts [13]. The idea
behind ABW makes flexible work arrangements
possible, so workers can pick the place where they
work based on their personal preferences and the
needs of their jobs. But it also makes it hard to
control occupancy and guess how many employees
will be there, especially in workplaces that change
often and have fluctuating attendance rates [14].
As digital office design has changed, people have
had to rethink how they organize their time and
space at work. Large-scale benchmarking studies,
like the ones done by IDET, look at performance
metrics and occupancy trends across many
companies [15]. These studies look at how data
analytics and automation can be used together in
workspace management. These studies show how
important it is to use data-driven methods to manage

the efficiency of workspaces, the amount of energy
used, and the health and happiness of employees.
The use of advanced data analytics techniques has
made it possible to predict occupancy trends and
adjust environmental controls like lighting,
ventilation, and temperature to match what people
are doing in real time [16]. The first time functional
autoregressive models were used was for
hydrological forecasting. They have since shown
promise in  modeling complex temporal
dependencies in occupancy data, especially when
affected by outside environmental factors [16].
Systematic reviews and empirical study have helped
build on the progress made in building occupancy
prediction and workplace analytics over the past few
years. Li et al. [18] did a thorough review that
stressed how important it is to combine statistical,
functional, and machine learning models for correct
occupancy prediction. The study put current models
into groups based on the sources of their input data,
the level of detail in the time data, and the learning
algorithms they used. It showed how hybrid
frameworks that combine deep learning with
functional data analysis are becoming more useful.
By combining these two things, models can show
how occupancy behavior and external factors are
related in ways that aren't straight lines. Similarly,
Motuziene et al. [19] looked at how office
occupancy changed during and after the COVID-19
pandemic. They showed how policies for online
work and social distance changed occupancy rates
and affected how future office buildings were
designed. Their results showed how important it is
to have adaptive forecast systems that can learn from
irregular and sparse datasets that show hybrid
attendance trends.

Smart building management has come a long way
thanks to machine learning and sensor systems that
are built on the Internet of Things (IoT). Pesic et al.
[20] created BLEMAT, a system for smart
occupancy detection and prediction based on data
analytics and machine learning. Using Bluetooth
Low Energy (BLE) sensors and machine learning
algorithms, the system processes occupancy data in
real time, making predictions much more accurate
and improving the speed of operations in smart
building systems. BLEMAT showed that combining
sensor-based inputs with advanced analytics can
make building automation systems work better,
make people more comfortable, and waste less
energy.
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3. MATERIALS AND METHODS

A smart predictive framework for estimating
employee presence in smart workplaces is
introduced by the suggested system. This framework
combines temporal, functional, and ensemble
learning methods. Several algorithms are used in this
method, such as AdaBoost for boosting-based
prediction, SARIMAX for time series forecasting
with exogenous factors [23], LSTM for sequential
dependency modeling, FTSA for functional time
series analysis [25], DFMM for dynamic functional
mixture modeling, and RobFTS for robust noise-
resistant forecasting. Deep learning and ensemble
extensions like Convolutional Neural Networks and
a Voting Regressor that combines XGBoost,
Gradient Boosting, and KNN are used to make the
generalization better. The steps in the workflow are
cleaning, normalization, feature analysis, training
the model, and evaluation with MAE, MAPE,
RMSE, R?, AIC, and BIC. The trained models are
put into use through a Flask-based web service that
lets users securely sign up and log in, handle input
from files, do back-end processing, and see
predictions in real time. This unified structure makes
things more accurate, reliable, and easy to
understand, which lets better systems predict when
employees will be present [22].
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- - AIC, BIC,
AIce, HQIC

Data Visualization Data Splitting Model Evaluation
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Trahed Model XAI- LIME & SHAP

Fig.1 Proposed Architecture

Figure 1 shows a machine learning process for
predicting when employees will be present. The
process starts with the Employee Presence Dataset
and pre-processing the data. Next, the data is
visualized and split into training and test sets. The
next step is to build and train Baseline and Extension
Models. After being trained, the models are tested
and evaluated using measures such as MAE and
RMSE. The Best Model is saved, added using Flask,
and can take a processed CSV file as input to make
Forecast Results. These results are then described
with XAI—LIME and SHAP.

i) Dataset Collection:

The dataset used in this study is called Employee-
Presence-dataset, and it is made up of sensor and
environmental data from real workplaces that were
gathered from September 2022 to September 2023.
It has 250 daily records with information like date,
number of people, weather, amount of rain, and total
reservations. These records show how occupancy
changes when environmental and operational
conditions change. Dealing with null values, getting
rid of duplicates, and normalizing the data were all
parts of data preparation that made sure it was
consistent and reliable. Figure 2 shows the structure
of the dataset and how key factors that affect
employee presence are related to each other. These
variables help with time series and functional
analysis for forecasting models like FTSA and
DFMM, which are good at showing how workplace
occupancy rates change over time [24]. This large
collection makes it possible to build strong
predictive models for smart workplace analytics.
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Fig.2 Dataset Collection

ii) Pre-processing:

Before training a model, data preprocessing is
necessary to make sure that the information is
reliable and of good quality. It includes removing
missing values, duplicates, and inconsistencies from

data and cleaning, transforming, and organizing it so
that accurate feature extraction and fast performance
of predictive algorithms are possible.

a) Data Preprocessing: Systematic preprocessing is
done on the information to make it more accurate
and consistent so that it can be used for predictive
analysis. Null value removal gets rid of records that
are missing information that could mess up model
learning. Duplicate removal makes sure that each
record is unique and stops data from being
duplicated. All the numbers are reset to make sure
the right order is kept, and categorical variables are
found to be encoded or transformed. Data
normalization brings all the features of a set of data
to the same scale, which improves the speed and
convergence of an algorithm. This process makes
sure that the training dataset is clean, balanced, and
ready for correlation analysis and display. This sets
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the stage for building strong time series and
functional forecasting models.

b) Data Visualization: Data visualization helps us
understand trends in employee participation and
how different factors in the workplace are
connected. Visualizations of the number of people
who come every day on a weekly basis show
changes in attendance and trends of occupancy over
time, which helps us understand how behavior
changes over time. It is possible to find
dependencies between variables like temperature,
rainfall, and total reservations by plotting a
correlation matrix. This shows how these factors
affect workplace presence. These visual details help
choose the features and improve the model, which
makes the predicted results easier to understand.
Visualization helps with experimental analysis and
making smart decisions for intelligent workplace
management systems by connecting the steps of
prepping data and building models.

iii) Train & Test:

The dataset is split into training and testing groups
in an 80:20 split to make sure the model learns well
and is evaluated fairly. Eighty percent of the data is
used as the training set to find patterns in employee
presence linked to time and behavior. The other
twenty percent is used as the testing set to check for
generalization and predictive reliability. This split
helps make sure that seasonal, environmental, and
operational changes are shown fairly in both groups.
By keeping the flow of time, the method reduces
data leaks and makes sure that the predictive
framework accurately models real-life situations in
smart workplaces that are always changing.

iv) Algorithms:

AdaBoost: AdaBoost is an ensemble learning
method that builds a strong predictor by combining
several weak learners, which are usually decision
trees, over and over again. By giving instances that
were wrongly classified more weight, it lets later
models focus on tough samples, which improves
accuracy and stability. AdaBoost does a good job of
capturing changes in behavior and improving the
accuracy of occupancy forecasting when it comes to
predicting staff presence. Because it is adaptive, it
can handle relatively noisy data while still being
easy to understand. The algorithm's boosting process
makes predictions more accurate by using the group
performance of weak learners. This creates a more
accurate and fair model for prediction tasks in the
real world [21].

The equation below defines AdaBoost's final strong
classification model.

T
H(x) = sign (Z «, ht(x)> 1)

t=1

SARIMAX: Seasonal AutoRegressive Integrated
Moving Average with eXogenous factors
(SARIMAX) builds on ARIMA by adding external
variables to time series predictions and modeling
seasonal effects. It does a good job of capturing
seasonal, trend, and cyclical patterns while also
taking into account outside factors like temperature
or daily effects. In predicting an employee's present,
SARIMAX finds temporal dependencies and
periodic behaviors in attendance data. This gives a
strong statistical base for comparing models in the
future. This method makes things easier to
understand by taking trends and outside factors into
account. It gives us useful information about how
employees change over time. SARIMAX works best
with organized, time-sensitive data from the
workplace that changes regularly.

FTSA: Functional Time Series Analysis (FTSA)
looks at time series data as smooth functional
observations instead of discrete points. This lets you
analyze underlying trends and temporal structures.
Taking into account smooth changes and
connections over time, it gives a full picture of how
dynamic processes work. In employee presence
prediction, FTSA models habits like continuous
attendance and accurately predicts how people will
be occupied in the future. It makes the data easier to
understand and finds small trends that are missed in
discrete models by showing the data as functions.
FTSA gives us a mathematically rich way to deal
with structured data that changes over time. This lets
us make accurate predictions about the future even
in complicated work settings.

LSTM: A recurrent neural network called Long
Short-Term Memory (LSTM) is made to find long-
range relationships in sequential data. It successfully
deals with vanishing gradient problems through its
input, forget, and output gates, which allow learning
over long temporal sequences. LSTM models
temporal dependencies and adapts to changing
workplace behavior trends to predict when an
employee will be present. It can deal with variable
and dynamic changes in attendance, making it very
accurate and flexible. Because LSTM can remember
context over time, it makes predictions more

International Journal of Data Science and loT Management System

1JDIM, 2026, 5 (2(1)), 105-114 | 108



SN: 3068-272X

International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Peer Reviewed, Referred & Indexed Journal
www.ijdim.com

Original Research Paper

accurate and is an important part of deep learning for
looking at sequential workplace data [26].
The equation below represents the hidden state
update in LSTM.

he = oW, - [h¢-1, %] + b,) - tanh(Cy) ()
DFMM: The Dynamic Factor Mixture Model
(DFMM) takes into account both factor analysis and
mixture modeling to find hidden structures and
temporal relationships in time series data. It lowers
the number of dimensions while dynamically
finding hidden factors that affect results. In
employee present prediction, DFMM finds the
underlying behavioral and environmental factors
that cause differences in attendance. This mixed
statistical method handles doubt well and can adapt
to changing conditions over time. DFMM makes
generalization better by adding hidden dynamic
features. This lets models of complex temporal
behaviors be more flexible. It gives us a strong
probabilistic way to predict how workplace usage
will change over time [27].
RobFTS: Robust Functional Time Series (RobFTS)
builds on standard FTSA by making it more resistant
to data outliers and other problems. It keeps working
well even when there is noise and nonstationarity,
which makes it very useful for making predictions in
the real world. When predicting an employee's
appearance, RobFTS deals with changes that are
hard to predict because of outside or behavioral
issues. It gives smooth and understandable
predictions of time even when the data is noisy. The
method uses both functional regression and strong
statistical estimation to make sure that the results are
consistent and reliable. RobFTS improves the
stability and accuracy of predictions, which helps
make forecasting models in workplace analytics
more reliable and easy to understand [28].
CNN: A deep learning model called Convolutional
Neural Network (CNN) can easily pull out
hierarchical patterns from structured data. CNN
learns complex temporal and spatial relationships
without having to do feature engineering by hand. It
does this through convolutional and pooling layers.
CNN finds complex, nonlinear links between
external factors and occupancy trends that help them
guess how many employees will be present. Its
hierarchical feature extraction makes model
adaptation better, which lets it make accurate
predictions even with datasets that aren't all the
same. CNN improves the accuracy of predictions by

recognizing both local and global dependencies in
the input sequence. This provides a scalable method
for smart modeling of office occupancy [29].

The following equation represents the core operation
in CNNs.

SG,j) = ZZ IG+mj+n)-Kmn) (3)

m
Voting Regressor: The Voting Regressor is an

ensemble method that takes results from several
base models, like XGBoost, Gradient Boosting, and
K-Nearest Neighbors, and adds them all together to
make a single output. It works by weighting or
averaging model results to make them more accurate
and less variable. The Voting Regressor uses the
strengths of different models to predict employee
attendance. It does this by balancing the trade-offs
between bias and variance to make the results more
reliable. This group method makes sure that the
results are the same and stable across different types
of data. This makes it a good choice for workplace
prediction systems that need to work in a changing
environment and need to be easy to understand [30].
The equation below represents the majority voting
process in classifiers.

y = argmax, (Z 11 (y; = c)) 4)

i=1
v) Integration of XAI & Flask:

Explainable Artificial Intelligence (XAI) makes
models more clear by showing people how
predictions are made, which helps them understand
what each feature does. Techniques like LIME and
SHAP help understand model choices by pointing
out important factors that affect outcomes. This
makes predictive systems more trustworthy,
accountable, and fair. In employee presence
prediction, XAl lets stakeholders see and understand
how models behave, which helps managers make
choices based on facts and data.

The Flask framework lets users connect with
predictive models in real time. It is a lightweight and
efficient web application platform. It lets machine
learning backends work with simple user interfaces
that let people enter data, make model predictions,
and see results right away. Flask makes sure that
clever workplace analytics systems can be used by
many people and can be scaled up as needed.

4. RESULTS & DISCUSSIONS

MAE: Absolute Error is the amount of mistake
when you measure something. It's the difference
between what was recorded and what was "true." To

International Journal of Data Science and loT Management System

1JDIM, 2026, 5 (2(1)), 105-114 | 109



International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Peer Reviewed, Referred & Indexed Journal
SN: 3068-272X www.ijdim.com Original Research Paper

give you an example, if the scale says you weigh 90 FT |69.| 1| 8 |0 |614]|654| 6 | 630
pounds but you know you really weigh 89 pounds, SA | 58 | 5.] 3. 97 | .70 | 4 | .04
the scale is off by 1 pound. 30| 717 ]16]| 6 4 |9 9
1 & 00| 61412 1
MAE = - Zlyi =¥l (5) 41313 9
i=1 8
MAPE: A performance 1nd1cator. called Mean STa0 18 1410152015230 5 |52
Absolute Percentage Error ‘(MAPE) .1s used t.o ﬁnd T 173|538 sl 30121 13
out how accurate a model is a'F rgakmg predictions Mltolslals!] 7 3 L1 a4
or forecasts. It gives prediction errors as a
. . 00 | 8|8 |7 5
percentage, which makes it easy to understand the 4|4 0
mean difference between what was expected and )
:)::1;:[ :;;TZ;:ZEF?:T:;; .model is more accurate if DF 127 12 13 o108 172 | N | 126
n M |12 |6 |3 |.]29 |271 | a | 59
MAPE = lz AP oo ©) M |9 [8]9|9|52]80|N]o92
ned i 00 | 3|8 |1 40 | 72 78
RMSE: Root mean square error (RMSE) is a way to 313
find the average difference between what a CN [ 45.19.| 6 | 0276|537 | N | 375
statistical model said would happen and what N |94 |80 |.]|25]05 ]| a|201
actually happened. It is the standard deviation of the 1000 |8].35].02|N/|.76
residuals in math terms. The residuals show how far 0214|310 6 7 7
away the regression line is from the data points. 416
n N ape]2 Vo [28.|6.| 3 |0 |492|493 | 4 | 492
RMSE — \/ ally@ — 9@ @ tin [ 89 | 0 | 5. 03| .92 09|.75
N g 105|919 4|5 |2.]1
R2 Score: To find the sum squared regression, add Reloo!|l 6| 2|3 1
up all the residuals. To find the total sum of squares, gre 4 |1 1
add up all the squares that show how far the data is $S0 9
from the mean. r
R? = 1 _ 2= 0=y ®) Ro [42.[8. ] 5]0]55 |600] 6 [575
2 i — y)? bF | 54 | 6 | 1 520 .69 | 0 | .08
Table.1 Performance Evaluation TS |00 | 7|9 |8 8 510 5
M | M |M|R|R| Al | Bl | A | HQ 00195 0
od | A|A M|2| C C |1]IC 517 0
el | E|P|S C 8
E | E c Model performance measures are shown in Table 1.
Ad | 36. 8. | 4|0 546|576 | 5 | 558 The Voting Regressor had the best accuracy with the
aB | 00 | 2 | 6. 54| 81 | 6 | .02 lowest MAE, MAPE, and RMSE.
oos | 50 | 7|1 |8 1 0 | 3. 5 Fig.3 Comparison Graph
t |00 1|38 5
1|6 4
1
SA | 8. |1 |1 ]0]|634]|673| 6 | 649
RI |02 |5 |0 06| .79 | 6 | .14
M |10|9 |1 4] 7 6 [8 ] O
A |00 |5]|7 |4 2
X 515 |4 9
5 0

International Journal of Data Science and loT Management System 1JDIM, 2026, 5 (2(1)), 105-114 | 110



International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Peer Reviewed, Referred & Indexed Journal
www.ijdim.com

SN: 3068-272X Original Research Paper

Y & S NI

$ F

FFEF S TS

SRS S
) ;\\Qco

mR?

There are four model performance measures shown
in Figure 3. They are MAE (red), MAPE
(purple),RMSE (blue), and R2 (pink).

BATCH EMPLOYEE PRESENCE PREDICTION

How It Works

@ Upload CSV or Excel fi

Choose File or Drag & Drop

@ Export results for planning

File Requirements
Number of Weeks to Forecast:

4 GENERATE FORECAST

Fig.4 Upload Input Data

The Batch Employee Presence Prediction interface
is shown in Figure 4. This is where users add a data
file and choose how many weeks they want the
forecast to cover.

[ Forecast Results

Predicted employee presence for the next 4 weeks

WEEK @ MONDAY & TUESDAY § WEDNESDAY & THURSDAY & FRIDAY
WEEK] 497 481 436 441 425
WEEK2 465 455 449 447 a

WEEK3 466 455 455 436 28

WEEK 4 467 456 457 436 42

BACKTO EXPLORE
€ -]
HOME NOTEBOOK

Fig.5 Predict Result

Figure 5 shows the Forecast Results table, which
shows how many employees are expected to be
present every day for the next four weeks.

BATCH EMPLOYEE PRESENCE PREDICTION

How It Works

Uplood CSV or Excel file

Al analyzes historical patterns

Choose File or Drag & Drop
Receiv

eekly forecasts

Export results for plonning

File Requirements

Number of Weeks ta Forecast:

q

o GENERATE FORECAST

Fig.6 Upload another Input

Figure 6 shows the Batch Employee Presence
Prediction interface, with the ability to add files and
choose the length of the forecast.
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Predicted emplayee presence for the next 8 weeks

WEEK & MONDAY & Tuespay & WEDNESDAY & THURSDAY & FRIDAY
WEEK 1 497 467 438 44 425
WEEK 2 465 455 449 447 a7
WEEK 3 466 456 455 438 428
WEEK & 467 456 457 436 429
WEEK § 466 453 483 4863 435
WEEK & 474 458 456 438 429
WEEK 7 468 457 456 438 430

WEEK B 469 457 455 437 430

BACKTO EXPLORE
€ a
HOME NOTEBOOK

Fig.7 Final Outcome
In Fig. 7, the expected daily appearance of
employees is shown as a table for eight weeks.

5. CONCLUSION
The study successfully shows an advanced
predictive method for figuring out how many
employees are in smart workplaces by using
functional data analysis and a mix of machine
learning and functional data analysis. The modeling
of temporal and behavioral occupancy dynamics
was made possible by thorough preprocessing,
exploratory analysis, and feature assessment. The
DFMM model was the most accurate of the ones that
were tested. It had a 4.68% MAPE and a R? value of
91.3%, which showed that it could reliably predict
complex time-dependent trends. Using XGBoost,
Gradient Boosting, and K-Nearest Neighbors
together in the ensemble Voting Regressor made it
even more stable, with a R? score of 93.1% showing
better generalization in a variety of situations.
Explainable Al techniques, like LIME and SHAP,
improved openness by drawing attention to
important factors that affect the results of
predictions. The Flask platform was used to make
the framework usable in the real world. It provides a
simple web interface with safe signup and signin for
users, file-based input handling, backend
preprocessing, and interactive visualization. Users
share test files and choose the time frames for the
predictions. The system then shows daily details of
employee presence predictions for four or eight
weeks. Overall, the answer helps with smart
decision-making, data-driven space planning, and
operational efficiency in today's smart workplaces
around the world.

To make predictions more accurate, future study can
look into adding more contextual and behavioral
factors, like employee schedules, department roles,
and environmental conditions. Using real-time data
from IoT sensors and spatial analytics could make it
possible to model occupancy trends in a way that is
always changing. Adding more deep temporal
models, such as Transformers or Graph Neural
Networks, to the framework might help it
understand more complicated relationships between
time and place. Creating ways for flexible learning
to keep adding new data to model parameters will
make long-term robustness better. Adding causal
inference methods to Explainable Al could also help
us understand how features affect each other better,
giving us clearer and more useful information for
smart office management and eco-friendly space
use.
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