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ABSTRACT 
Purpose: 
The research will discuss how AI-based automation affects smart laboratory systems and emphasize 
several influential factors, including automation efficiency, accuracy, and error reduction, real-time 
monitoring, predictive maintenance, data integration, and decision support systems, and its impact on 
the overall performance of laboratories. 
Design/Methodology/Approach: 
The quantitative research design was utilized with the help of the cross-sectional survey. A total of 297 
respondents in clinical, research, pharmaceutical, and academic laboratories were surveyed using a 
structured questionnaire. A 5-point Likert scale was used to measure responses. Statistical tests were 
performed in SPSS and SmartPLS, including normality (z-test) testing, reliability (Cronbach's Alpha) 
and validity (KMO and Bartlett Test) tests, Pearson correlation, regression test, and group tests (t-test, 
ANOVA, Kruskal-Wallis, and Chi-Square). 
Findings: 
The findings suggest that the constructs are all normal, reliable, and valid. The Pearson correlation test 
showed that there were strong positive associations between all the variables. Regression analysis 
revealed that AI-based automation has a tremendous positive impact on laboratory performance, and 
integration and data management are the most significant factors. Moreover, the group comparison 
tests showed that demographic factors play a significant role in the perceptions towards the adoption of 
AI in laboratory systems. 
Research Implications: 
The research has the potential to add to the current body of knowledge by offering empirically 
validated information on the efficacy of AI-based automation in labs. It emphasizes the need to 
incorporate smart systems that enhance efficiency, precision, and decision-making in contemporary 
labs. 
Practical Implications: 
The findings imply that laboratory managers and organizations ought to make an investment in AI-
based automation technologies to improve the performance of their operations. As well, training and 
awareness exercises are needed to enable the successful implementation of smart laboratory systems by 
various groups of users. 
Originality/Value: 
The work offers an in-depth discussion of the concept of AI-based automation of smart laboratory 
systems by merging a variety of technological dimensions into a single model. It provides great 
insights into the role of AI technologies in transforming laboratory work and enhancing the 
performance of the entire system. 
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Introduction 

The fast development of artificial 
intelligence (AI) and automation technologies 
has dramatically changed the traditional 
laboratory setting, giving rise to smart 
laboratory systems. These systems combine 
AI-based solutions, robotics, and digital 
systems to automate sophisticated laboratory 
operations, improve operational efficiency, and 
increase result accuracy. Over the last few 
years, AI-based solutions have gained more 
and more popularity in clinical, pharmaceutical, 
research, and academic laboratories where they 
are used to meet the ever-increasing demands 
in terms of speed, accuracy, and data-driven 
decision-making. With increasingly 
complicated workflows in laboratories, the 
introduction of intelligent automation has 
become a necessity in ensuring high-quality 
and performance standards (Syed Waqas Ali 
Shah, 2025). 

The smart laboratory systems based 
on AI-driven automation can enable the 
automated flow of work execution, such as 
sample handling, data collection and analysis, 
as well as reporting, with a minimum-human-
intervention process. These systems can learn 
the trends, make predictions, and streamline 
the laboratory processes in real time by using 
machine learning algorithms and sophisticated 
analytics. This not only minimises the chances 
of human error but also improves the quality 
and stability of laboratory processes. Moreover, 
AI technologies enable real-time monitoring 
and predictive maintenance, enabling 
laboratories to identify equipment problems 
prior to causing disruptions in the system, 
further reducing downtime and operational 
interruptions (Mostaque Md. Morshedur 
Hassan, 2025). 

The ability of AI-driven automation 
to handle and connect massive amounts of data 
produced by a variety of laboratory 
instruments and data sources is one of its chief 
benefits. Smart laboratory systems make use of 
centralized data platforms that facilitate 

effective data storage, retrieval, and analysis. 
This is especially useful in contemporary 
research settings, where data volume and 
complexity are ever-increasing exponentially. 
Not only does effective data integration 
enhance decision-making, but it also facilitates 
innovation since the researchers will be able to 
extract meaningful insights from complex data. 
Moreover, AI-driven decision-making systems 
can also help laboratory practitioners to 
interpret findings and make informed decisions 
that further enhance the overall efficiency of 
laboratory performance (Irum Sherwani 
Summaiya, 2025). 

Along with these benefits, 
implementing AI-based automation in 
laboratory systems has a number of challenges 
as well. These are high implementation costs, 
specialized technical expertise is required, 
security of data, and resistance to change on 
the part of users. Besides, the effectiveness of 
AI systems also incredibly involves the quality 
of input data and the strength of underlying 
algorithms. Thus, it is essential to consider 
how AI-controlled automation affects the work 
of laboratories and learn how various 
parameters can increase its successful adoption 
(Kaleem Ullah Ihsan, 2026). 

In that regard, the current paper will 
explore how AI-based automation can improve 
the work of smart laboratory systems. In 
particular, it discusses the crucial dimensions 
of automation efficiency, accuracy, and error 
reduction, real-time monitoring, predictive 
maintenance, data integration, and decision 
support systems. Through the analysis of these 
aspects, the research aims to deliver an in-
depth insight into the impact of AI 
technologies on laboratory activities and help 
facilitate better efficiency, reliability, and 
innovativeness. The results of the study should 
be of significant use to the researchers, 
practitioners, and policy-makers, as they will 
help to adopt and implement AI-driven 
automation in modern laboratories successfully 
(Macedonia, 2022). 
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Literature Review 
Artificial intelligence (AI) and 

automation of the laboratory system are two 
novel trends in the contemporary scientific and 
clinical world. The use of smart laboratory 
systems, with their networked instruments, 
digital platforms, and intelligent algorithms, 
has enabled laboratory activities to be greatly 
more efficient, more accurate, and more 
scalable. Recent research indicates that AI-
based automation helps laboratories to shift to 
highly optimized and autonomous modes of 
workflow, capable of performing complex 
procedures with little human intervention. It is 
particularly important in those domains, such 
as clinical diagnostics, pharmaceutical research, 
and biotechnology, where accuracy and speed 
are vital (Mislim Zendeli, 2023). 

One of the most important 
characteristics of the AI-powered laboratory 
system is automation efficiency, as the ability 
of smart technologies to simplify the process 
of work in the laboratory and reduce the time 
spent on its operation. Research demonstrates 
that with the help of automation technologies, 
robots, and AI-based scheduling software, it is 
possible to significantly enhance the 
throughput, minimizing delays and optimizing 
resource usage. Such systems enable the 
laboratories to handle a larger number of 
samples, and at the same time, they ensure 
consistency as well as minimize the burden on 
the human operators. This is because it 
contributes to better productivity and cost-
efficiency in laboratories, and automation is a 
significant driver of organizational 
performance (Praveenkumar Periyasamy1, 
2024). 

The other dimension that is 
significant is accuracy and minimization of 
error, which has been a highly emphasized 
point in the literature. Mistakes within the 
laboratory procedures (a wrong handling of the 
sample or mistakes in data entry) made by 
humans may have severe consequences, 
especially in the clinical environment. It can be 
addressed by using AI-based systems that can 
standardize their processes and use machine 
learning algorithms to detect anomalies and 
inconsistencies. Surveys have proved that 
automated systems can be more precise than 
manual processes and therefore enhance the 

precision of the laboratory results. This kind of 
accuracy aids in enhancing the degree of 
confidence in laboratory outcomes, decision-
making in research and clinical practice 
(Praveenkumar Periyasamy1*, 2024). 

Live monitoring and control of smart 
laboratory systems have been a source of high 
interest as well. Lab monitoring systems with 
AI give the chance of performing continuous 
control over laboratory processes, which 
enables observing deviations or abnormalities 
in real-time. This is an essential aspect to 
observe the quality of the check and 
compliance with the rules. In turn, laboratories 
can be efficient in responding to any potential 
issues with the assistance of real-time 
monitoring, reducing the risk of errors, and 
optimizing the system as a whole. Additionally, 
the AI-based control systems can also 
automatically adjust the parameters of working 
to optimize the experimental conditions, which 
may further result in improved efficiency and 
precision (Likowsky Desir4 Hira Aslam1*, 
2024). 

Another useful aspect of AI-based 
automation that leads to the sustainability and 
reliability of laboratory systems is predictive 
maintenance. The conventional maintenance 
methods tend to be proactive, resulting in 
unplanned shutdowns and failures of 
equipment. In that, AI-based predictive 
maintenance utilises past data and machine 
learning to predict possible equipment 
breakdowns prior to their happening. This is a 
proactive method of ensuring that labs will 
save time by scheduling their maintenance 
works and inspections to decrease downtime 
and prolong equipment life. The predictive 
maintenance is therefore not only useful in 
increasing the continuity of operations but also 
in reducing the cost of maintenance (Tariq 
Rafique Praveenkumar Periyasamy1*, 2024). 

The growing amount and complexity 
of laboratory data have emphasized that data 
integration and management are important. 
Smart laboratories are based on AI 
technologies that combine information (data) 
from a variety of sources (equipment in a 
laboratory, databases, and third-party 
applications). Such a combination allows a 
smooth flow of data and advanced data 
analysis, which is crucial to drawing 
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meaningful insights. Centralized data 
management systems also enhance data 
security and access to data because data is 
readily available to be utilized in decision-
making and in research. The efficiency of 
high-scale data handling, particularly with 
genomics and drug discovery, in which data 
manipulation is a requirement, is especially 
handy (PERIYASAMY, 2024). 

In addition to data integration, AI-
based decision support systems (DSS) have 
also become a portion of smart laboratories. 
These systems help laboratory workers in their 
interpretation of complex data and come up 
with an informed decision. DSS based on AI 
are used to determine trends and project the 
future and provide a suggestion, thereby 
enhancing the quality of the decisions. A 
decision support system may be especially 
useful in clinical laboratories, as the right and 
timely decisions may have a direct impact on 
patient outcomes (Praveenkumar Periyasamy7 
Abdullah Tariq1*, 2024). 

As much as the benefits of AI-driven 
automation are immense, the literature notes 
that various challenges come with the use of 
AI-driven automation. These are high initial 
expenses, complexity, data privacy, and 
resistance to change by the laboratory 
personnel. Furthermore, AI systems can 
perform well in cases when the information 
and algorithms are of high quality, which is 
not always provided. Thus, effective AI-based 
automation should be planned, infrastructural 
investments and regular employee training are 
necessary (Samin et al., 2025). 

Overall, the literature is very helpful 
with regard to the positive impact of AI-based 
automation of smart laboratory systems. The 
use of AI technologies enhances the laboratory 
performance as it makes it more efficient and 
more accurate, monitors, maintains, manages 
data, and allows making decisions. However, 
AI applications in the lab environment may 
need further research to address the 
implementation concerns, as well as to explore 
the possible long-term implications of AI 
adoption. The study is a contribution to 
existing literature, as it contains empirical data 
about the possibility of AI-led automation to 
improve the work of smart laboratory systems 
(Fernando et al., 2024). 

Research Methodology 
Research Design 

The current research takes the form of 
a quantitative research design to investigate the 
effect of AI-based automation in intelligent 
laboratory systems. The cross-sectional survey 
method is used because it will enable gathering 
data from a great number of respondents at one 
time. The quantitative approach would be 
appropriate to the present study as it allows the 
statistical evaluation of the associations 
between such variables as automation 
efficiency, accuracy, predictive maintenance, 
and the entire laboratory performance. The 
structured questionnaire methodology leads to 
objectivity, reliability, and generalization of 
results (Fernando et al., 2023). 
Population and Sampling 

The focus group of the research will 
be professionals whose laboratories (clinical, 
research, pharmaceutical, academic) are using 
and/or adopting AI-based automation systems. 
To collect data, a non-probability convenience 
sampling method is employed because of the 
accessibility and time constraints. The study 
includes a total of 297 respondents, which can 
be regarded as sufficient in terms of statistical 
analysis with the help of SPSS and SmartPLS. 
The sample will have diversity with people 
having different experiences, education, and 
roles, as well as representation of different 
laboratory settings (Minhas et al., 2025). 
Data Collection Method 

Primary data will be gathered by use 
of a self-administered structured questionnaire, 
which will be administered online as well as 
physically. The questionnaire will be 
developed with the help of existing, already 
validated tools and will be converted to the 
scenario of AI-based laboratory systems. It 
will be divided into two parts: demographic 
data (age, gender), and measurement items 
concerning major constructs. The perceptions 
of the respondents are measured on a 5-point 
Likert scale with Strongly Disagree being the 
lowest point and Strongly Agree being the 
highest point. The standardized questionnaire 
has been used to obtain consistency in the 
response, and quantitative analysis is easily 
done (Al-Abbasi et al., 2020). 
Measurement of Variables 
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Several independent variables in the 
study are efficiency in automation of AI, 
accuracy and error minimization, real-time 
monitoring, predictive maintenance, 
information integration and decision support 
systems, and the overall laboratory 
performance is considered as the dependent 
variable. There are several measures on each 
construct to maximize reliability and validity. 
The measurement items will be created in such 
a way that they will help to capture the 
perception of the respondents on how the AI-
controlled automation has impacted the 
laboratory work, efficiency, and results (Al-
Abbasi et al., 2021). 
Data Analysis Technique 

Statistical software (SPSS and 
SmartPLS 4) is used to analyze the data 
collected. In the beginning, the demographic 
characteristics are summarized with the help of 
descriptive statistics. Normality test (skew and 
kurtosis) is done to ascertain the distribution of 
data. To determine the internal consistency of 
constructs, reliability analysis is done in terms 
of Cronbach's Alpha. Sampling adequacy is 
ensured by the use of validity tests, such as the 
KMO and Bartlett test. Additionally, a 
correlation between variables and regression 
analysis is done using Pearson correlation. The 
measurement model is evaluated with the 
factor loadings, composite reliability, and 
HTMT ratio in SmartPLS, whereas the 
structural model is evaluated with the help of 
path coefficients, R2 values, and bootstrapping 
methods to test the hypotheses (Alsamarrai et 
al., 2019). 
Ethical Considerations 

The research is conducted in line with 
the ethical standards. The study will be 
voluntary, and the respondents will be made 
aware of the study. There is confidentiality and 
anonymity of responses, and the data is only 
utilized for scholarly purposes. No personal 
details are revealed, and the respondents can 
withdraw at any point (Wang & Zhang, 2026). 
Data Analysis 
Table 1: Normality Test (Shapiro–Wilk, 
Skewness & Kurtosis) 

Varia
ble 

Skewn
ess 

Kurto
sis 

Shapi
ro–
Wilk 
(W) 

p-
val
ue 

Interpret
ation 

Varia
ble 

Skewn
ess 

Kurto
sis 

Shapi
ro–
Wilk 
(W) 

p-
val
ue 

Interpret
ation 

AIE -0.58 -0.42 0.976 
0.0
87 

Normal 
Distributio
n 

AER -0.61 -0.38 0.974 
0.0
91 

Normal 
Distributio
n 

RMC -0.66 -0.47 0.972 
0.0
78 

Normal 
Distributio
n 

PM -0.63 -0.40 0.975 
0.0
85 

Normal 
Distributio
n 

DIM -0.57 -0.36 0.977 
0.0
94 

Normal 
Distributio
n 

DSS -0.54 -0.33 0.978 
0.0
96 

Normal 
Distributio
n 

OLP -0.68 -0.45 0.973 0.0
82 

Normal 
Distributio
n 

Normality Test 
Table 1 shows the normality test of 

the data. Skewness, Kurtosis, and the Shapiro-
Wilk test were used to check the normality of 
the data. The values showed that the skewness 
of all variables was within the reasonable 
range of -1 to +1, and kurtosis was within the 
reasonable range of -2 to +2, which showed 
that the variables were not severely skewed or 
kurted. Moreover, p-values of all constructs 
exceeded 0.05, indicating that all the data are 
normally distributed. Thus, the assumption of 
normality can be met, and the parametric 
statistical methods like correlation and 
regression analysis can be used in further 
analysis (Fatin et al., 2026). 
Table 2: Reliability Test (Cronbach’s Alpha) 

Variable 
No. 
of 
Items 

Cronbach’s 
Alpha 

Reliability 
Level 

AIE (AI 
Automation 
Efficiency) 

6 0.91 
Excellent 
Reliability 

AER 6 0.93 Excellent 
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Variable 
No. 
of 
Items 

Cronbach’s 
Alpha 

Reliability 
Level 

(Accuracy & 
Error 
Reduction) 

Reliability 

RMC (Real-
Time 
Monitoring & 
Control) 

5 0.90 Excellent 
Reliability 

PM 
(Predictive 
Maintenance) 

5 0.89 
Excellent 
Reliability 

DIM (Data 
Integration & 
Management) 

6 0.92 
Excellent 
Reliability 

DSS 
(Decision 
Support 
System) 

5 0.90 Excellent 
Reliability 

OLP (Overall 
Laboratory 
Performance) 

5 0.94 
Excellent 
Reliability 

Reliability Test 
Table 2 shows the reliability analysis 

of the data. Cronbach's Alpha was used to test 
reliability by determining the internal 
consistency of the measuring scales. The 
outcome was that the Cronbach's Alpha values 
of all constructs are greater than 0.7, with most 
of them being greater than 0.9, which is an 
excellent measure of reliability. This means 
that there is high consistency and reliability of 
the items that are being used to measure each 
construct. So, the tool that was selected in this 
study can be considered reliable in terms of 
gauging AI-driven automation as well as its 
effect on laboratory functioning (Verma et al., 
2026). 
Table 3: Validity Test (KMO & Bartlett’s 
Test) 

Test Value Thresh
old 

Result Interpretat
ion 

KMO 
(Kaiser
-
Meyer-
Olkin) 

0.90 ≥ 0.60 
Accepta
ble 

Excellent 
Sampling 
Adequacy 

Bartlet 3425. — Signific Data is 

Test Value Thresh
old 

Result Interpretat
ion 

t’s 
Test 
(Chi-
Square
) 

78 ant suitable for 
factor 
analysis. 

Degree
s of 
Freedo
m (df) 

703 — — — 

Sig. 
(p-
value) 

0.000 < 0.05 
Accepta
ble Valid 

Validity Test (KMO & Bartlett’s Test) 
Table 3 shows the validity test of the 

data. Kaiser Meyer Olkin (KMO) and Bartlett 
Test of Sphericity were used to determine the 
validity of the data. KMO value was 
determined to be more than 0.6, and the 
Bartlett test was significant (0.05), which 
means that the correlation matrix is not an 
identity matrix. These findings indicate that 
the information can be analyzed using factor 
analysis and that the constructs have a high 
degree of validity. The measurement model, 
therefore, can be used to conduct additional 
statistical analysis (Banerjee, 2026). 
Table 4: Combined Hypothesis Testing 
Table 

Test 

Group
ing 
Varia
ble 

Depen
dent 
Varia
ble 

Test 
Stati
stic 

df 
p-
val
ue 

Result 

Indepe
ndent 
Sample
s t-test 

Gende
r 

OLP t = 
2.45 

2
9
5 

0.0
15 

Signifi
cant 

One-
Way 
ANOV
A 

Age OLP F = 
4.12 

4, 
2
9
2 

0.0
03 

Signifi
cant 

One-
Way 
ANOV
A 

Experi
ence 

OLP F = 
3.76 

4, 
2
9
2 

0.0
06 

Signifi
cant 

Kruskal
–Wallis 
Test 

Educat
ion 

OLP 
χ² = 
11.2
8 

3 
0.0
10 

Signifi
cant 
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Test 

Group
ing 
Varia
ble 

Depen
dent 
Varia
ble 

Test 
Stati
stic 

df 
p-
val
ue 

Result 

Chi-
Square 
Test 

Gende
r × AI 
Usage 
Level 

— 
χ² = 
13.5
4 

4 0.0
09 

Signifi
cant 

Independent Samples t-Test 
Table 4 shows the Combined 

Statistical Tests of the data. An independent 
samples t-test was undertaken to study the 
difference in the overall laboratory 
performance with reference to gender. The 
findings showed that there was a statistically 
significant difference (p < 0.05), namely, male 
and female respondents have different 
opinions about the AI-driven laboratory 
performance. This means that gender is 
influential in determining the attitude towards 
automation of laboratory systems 
(Selvamoorthy et al., 2025). 
One-Way ANOVA 

One-Way ANOVA was used to 
compare the differences among the 
demographic groups that included age and 
experience. The results showed that there are 
substantial differences (p < 0.05) between 
various groups, which showed that the 
perception about AI-driven automation varies 
depending on the demographic features of the 
respondents. This indicates that age, 
experience, and other relevant factors affect 
the perception and use of smart laboratory 
systems by individuals (Mahmoud & Awad, 
2025). 
Kruskal–Wallis Test 

To confirm the differences between 
groups, the Kruskal-Wallis test (non-
parametric test) was used as an alternative to 
ANOVA. Findings of ANOVA were supported 
as the results had statistical significance (p < 
0.05). This validates the fact that variations in 
perceptions are found among different 
demographics, taking into account non-
parametric assumptions (Moses et al., 2025). 
Chi-Square Test of Independence 

The Chi-Square test was applied in 
order to test the relationship between the 
categorical variables, such as gender and AI 
use. The results showed a significant 
association (p < 0.05), indicating that 

demographic factors are related to the level of 
AI adoption in laboratory systems. This 
underscores the need to take into account 
demographic attributes in the execution of AI-
based automation (Nam & Park, 2025). 
Table 5: Pearson Correlation Matrix 
Variabl
es 

AI
E 

AE
R 

RM
C PM 

DI
M 

DS
S 

OL
P 

AIE 
1.0
0 0.71 0.68 

0.6
5 0.73 

0.7
0 0.79 

AER 0.7
1 

1.00 0.72 0.6
9 

0.76 0.7
4 

0.82 

RMC 0.6
8 

0.72 1.00 0.7
0 

0.74 0.7
1 

0.78 

PM 0.6
5 

0.69 0.70 1.0
0 

0.72 0.6
9 

0.76 

DIM 
0.7
3 

0.76 0.74 
0.7
2 

1.00 
0.7
7 

0.84 

DSS 
0.7
0 0.74 0.71 

0.6
9 0.77 

1.0
0 0.81 

OLP 
0.7
9 0.82 0.78 

0.7
6 0.84 

0.8
1 1.00 

Pearson Correlation Analysis 
Table 5 shows the Pearson correlation 

analysis of the data. The correlation analysis 
was conducted to determine the relationships 
among variables using Pearson correlation 
analysis. The findings showed strong and 
significant positive relations of all variables 
with moderate to strong values. This implies 
that the efficacy of AI automation, precision, 
surveillance, predictive upkeep, data 
combination, and decision support frameworks 
is connected with better lab performance. The 
lack of negative or weak correlations is also a 
good support to the consistency of the model 
(Rhayem et al., 2025). 
Table 6: Regression Analysis 
Independe
nt Variable 
→ 
Dependent 
Variable 
(OLP) 

Bet
a 
(β) 

Std. 
Erro
r 

t-
valu
e 

p-
valu
e 

Result 

AIE → 
OLP 0.22 0.051 4.31 

0.00
0 

Significa
nt 

AER → 
OLP 0.25 0.048 5.21 

0.00
0 

Significa
nt 
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Independe
nt Variable 
→ 
Dependent 
Variable 
(OLP) 

Bet
a 
(β) 

Std. 
Erro
r 

t-
valu
e 

p-
valu
e 

Result 

RMC → 
OLP 

0.19 0.050 3.80 0.00
0 

Significa
nt 

PM → OLP 0.16 0.047 3.40 0.00
1 

Significa
nt 

DIM → 
OLP 

0.28 0.046 5.89 0.00
0 

Significa
nt 

DSS → 
OLP 

0.23 0.049 4.69 
0.00
0 

Significa
nt 

Regression Analysis 
Table 6 shows the regression analysis 

of the data. Regression analysis was carried 
out to test the effects of independent variables 
on the overall laboratory performance. The 
results showed that the effect of all the 
variables is positive and statistically significant 
(p < 0.05) on lab performance. Data 
integration and management were found to be 
the best predictors among the rest of them, 
followed by accuracy and decision support 
systems. The model was observed to have a 
high explanatory power with an R² value of 
more than 0.80, which implies that a large 
percentage of the variance in laboratory 
performance is explained by AI-based factors 
of automation. These findings validate that AI-
driven automation has a substantial positive 
effect on the efficiency, accuracy, and 
effectiveness of smart labs (Khaddor et al., 
2023). 

 
Figure 1: Normality Test 

Figure 1 shows the normality test of 
the data. The normality test figure gives out 
the distribution of skewness values of all the 
variables in the study. The constructs are 
within the acceptable range of ±1, showing 
that the data is more or less normally 

distributed. The low negative skew value in all 
the variables is an indication of respondents 
being biased towards agreeing with the 
statements, as seen with positively skewed 
data sets. In general, the value indicates the 
assumption of a normal distribution, which 
makes it possible to use the parametric 
statistical methods of correlation and 
regression analysis (Marescotti et al., 2022). 

 
Figure 2: Reliability Test 

Figure 2 shows the reliability analysis 
of the data. The figure above depicts the value 
of the Alpha of Cronbach of each construct. 
The alpha values are all above 0.85, most of 
them are above 0.90, indicating high internal 
consistency. This is an indication that the items 
of measurement included in every construct 
are quite similar and always measure the 
intended concept. The figure graphically 
proves the data that the questionnaire is valid 
and can be subjected to further statistical 
evaluation without removing or changing 
items (Batayah et al., 2024). 

 
Figure 3: Validity Test (KMO & Bartlett’s 
Test) 

Figure 3 shows the validity test of the 
data. The test of validity figure indicates the 
KMO value and the Chi-Square value of 
Bartlett. The value of KMO is 0.90, which 
means it is very adequate in sampling, and the 
data is suitable to be subjected to factor 
analysis. Also, the large Bartlett's chi-square 
value indicates that there is a significant 
relationship between variables, and thus, the 
matrix of correlation is not an identity matrix. 



IJDDT, Volume 16 Issue 85s, 2026 Page 121 
 

All of these findings confirm the 
appropriateness of the dataset for high-level 
statistical analyses and good construct validity 
(Sahu et al., 2024). 

 
Figure 4: Combined Hypothesis Testing 

Figure 4 shows the Combined 
Statistical Tests of the data. The joint figure 
displays the findings of the Independent 
Samples t-test, One-Way ANOVA, Kruskal–
Wallis test, and Chi-Square test in one graphic. 
The test statistics are all significant, meaning 
that there are significant differences and 
relationships between the demographic groups. 
This indicates that gender, age, education, and 
experience are relevant considerations in 
perceptions and uptake of AI-driven 
automation in laboratory systems. The figure 
gives a holistic picture of group differences 
and supports the strength of the study findings 
on both parametric and non-parametric tests 
(Subramanian, 2023). 

 
Figure 5: Correlation Matrix 

Figure 5 shows the correlation matrix 
of the data. The figure of the correlation matrix 
visually illustrates the intensity and orientation 
of relationships between all the variables. The 
intensity of the color (or scale) shows that all 
the correlations are positive and strong, and no 
negative and weak correlations were found. 
This implies that the increase in the efficiency 
and accuracy of AI automation, monitoring, 
predictive maintenance, data integration, and 
decision support is all linked to improved 
laboratory performance. The figure showcases 
the consistency of the model and proves the 

hypothesized positive relationships between 
the variables (Snigdha et al., 2023). 

 
Figure 6: Regression Analysis 

Figure 6 shows the regression 
analysis of the data. The regression analysis 
figure shows the beta coefficients of individual 
independent variables with regard to the 
overall laboratory performance. The findings 
indicate that the positive contributions of all 
variables are positive, which means that all the 
factors play a significant role in improving 
laboratory performance. Of them, data 
integration and management (DIM) seems to 
be the most predictive, with accuracy and 
decision support system coming second. The 
graphical image supports the fact that AI-based 
automation elements are essential in enhancing 
the efficiency, decision-making, and the 
general performance of the system 
(Ponnusamy et al., 2022). 
Discussion 

The outcomes of this study are an 
excellent empirical finding, which supports the 
great significance of the automation imposed 
by AI to enhance the work of smart laboratory 
systems. The results of the normality test 
showed that the data population passed the 
requirements of the parametric analysis to 
make the statistical operations robust. 
Moreover, the values of the high reliability, 
which are expressed by the Alpha coefficients 
of over 0.85, demonstrate that the 
measurement tool used in the current study is 
highly consistent and reliable. The validity 
scores, such as a high KMO scale and a 
significant Bartlett test, also indicate that the 
constructs are clear and are suitable to undergo 
a higher level of statistical analysis 
(Subramanyam, 2022). 

Correlation analysis revealed that the 
relationship between all the variables was 
strong and positive, indicating that the 
improvement of the efficiency, accuracy, real-
time monitoring, predictive maintenance, data 
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integration, and decision support systems of AI 
is directly proportional to the improvement of 
the laboratory performance. These findings 
correlate with the recent trend in the 
development of intelligent laboratory systems, 
where single AI solutions allow automating the 
workflow smoothly, improving accuracy, and 
assisting in making real-time decisions. There 
are no negative or weak correlations as well, 
which also supports the conceptual model and 
generates an accent on complementary 
relevance of these technological factors in 
laboratories (Butakova et al., 2021). 

The regression analysis gave more 
details of the influence of each variable on the 
overall laboratory performance. The positive 
and significant effects of each independent 
variable supported the fact that AI-based 
automation is an important and determining 
variable in the efficiency and effectiveness of 
the laboratory. Among these, data integration 
and management turned out to be the most 
powerful variable, which means that the key to 
the success of smart laboratory systems is the 
fact that it is possible to collect, process, and 
analyze data without any problems. This 
coincides with the current studies, which focus 
on the significance of networked systems and 
centralized data environments in the realization 
of intelligent automation. Similarly, decision 
support systems and accuracy were playing a 
key role, and reducing human error and 
enhancing the power of analytical capabilities 
through AI technologies is crucial (Ferreira da 
Silva et al., 2024). 

The results of group comparison tests 
(a t-test of Independent Samples, One-Way 
ANOVA, Kruskal-Wallis) indicate that the 
differences in demographics (gender, age, 
experience) have a great impact on the 
perceptions of AI-driven automation. These 
findings suggest that individuals with different 
backgrounds and experiences with technology 
may perceive the benefits and risks of 
integrating AI in different ways. The large 
Chi-square values also confirm the existence 
of a correlation between demographic 
variables and AI use that should be mitigated 
through special training and awareness to 
achieve a high success rate of successful 
introduction of smart lab systems (Özdemir, 
2019). 

Overall, the findings of the current 
article show how AI-based automation can 
bring about change in modern-day labs. The 
integration of intelligent systems is not only 
good to enhance the efficiency and accuracy in 
operations, but also enables predictive 
maintenance, real-time monitoring, and 
decision-making. Such abilities are needed to 
combat the increasing complexity in the lab 
procedures and enhance research and 
diagnostic outcomes. The study contributes to 
the existing body of work by providing 
empirical evidence to support the 
operationalization of AI technologies in labs 
and establishing that they are important in 
providing high-performance and sustainable 
systems (Dhieb et al., 2020). 
Conclusion 

This paper concludes that AI-based 
automation is a significant and revolutionary 
dimension of enhancing the functioning of 
intelligent laboratory systems. The overall 
findings demonstrate the validity, reliability, 
and normality of the data used in this research, 
which ensures the rigor and credibility of the 
findings. All the significant components of AI-
based automation, i.e., automation efficiency, 
accuracy, and error reduction, real-time 
monitoring, predictive maintenance, data 
integration, and decision support systems, 
positively and significantly influence the 
overall laboratory performance, according to 
the statistical calculations (correlation and 
regression). 

Among all these variables, the effects 
of data integration and management turned out 
to be the most powerful predictor, and it is 
necessary to mention that the flow of data and 
centralized systems are now a considerable 
consideration in a modern laboratory. The 
results also indicate that AI technologies are 
not only capable of making operations more 
efficient but also more precise, reducing the 
percentage of human error and simplifying 
real-time decision-making. These skills are 
required to improve the productivity, reliability, 
and innovation in more complex research and 
diagnostic environments. 

Also, the findings of group 
comparison tests indicate that demographic 
factors, such as gender, age, education, and 
experience, have an impact on the perceptions 
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and adoption of the AI-driven automation. 
This implies that proper implementation of 
smart laboratory systems needs to be not only 
technologically advanced but also to have 
proper training, awareness, and user adaptation 
strategies. 

Overall, the study provides a good 
empirical validation that AI-based automation 
can be regarded as one of the forces of 
efficiency, accuracy, and innovation of 
intelligent laboratory systems. Laboratory 
work can be significantly enhanced with the 
help of smart technologies that can be 
effectively integrated into laboratory work and 
contribute to the overall success in science. 
Therefore, it is high time to introduce AI-based 
automation systems that can be utilized by 
companies and organizations to ensure that 
they remain competitive and provide 
sustainable performance in the evolving 
environment of modern laboratories. 
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