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The object of this research is to focus on 
the Pro Growth Constructive Interaction (PGCI) 
approach as a strategy to improve lecturer perfor-
mance. PGCI integrates multidimensional inter-
actions involving academic, social, technological, 
individual, external and temporal dimensions to 
achieve optimal productivity and efficiency. In this 
research, there is a main problem to be addressed, 
namely identifying and optimizing the factors that 
influence lecturer performance by developing a 
comprehensive model that is able to predict and 
improve performance through multidimensional 
interactions. The research results obtained were 
the dimension contribution showing the highest 
contribution to lecturer performance (0.177062), 
followed by the technological (0.174122), social 
(0.167044), external (0.165670), and individual 
(0.163610) dimensions). In the results of the math-
ematical model with the Lagrangian method opti-
mized with a machine learning algorithm distrib-
uting weights with a focus on external dimensions 
(0.2650) and technology (0.2179), resulting in a 
performance increase of 7.35 %. This model is able 
to achieve an accuracy of 92.4 % in predicting lec-
turer performance using a deep neural network 
algorithm. In this research, there is a brief inter-
pretation of the research findings showing that 
the temporal and technological dimensions have 
an important role in determining lecturer perfor-
mance. By prioritizing these two dimensions, the 
optimized model yields significant improvements. 
Characteristics obtained from research, multidi-
mensional analysis covering various aspects of 
performance and high accuracy and measurable 
performance improvements prove the reliability of 
the model. The results of this research have signif-
icant practical applications in higher education 
institutions
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1. Introduction

At this time, improving lecturer performance is a strate-
gic issue in the context of higher education development that 
is very necessary [1]. In this case, lecturer performance not 
only impacts the quality of education, but also the reputation 
of the university as a whole. In the current era of techno-
logical and information development, lecturers are faced 
with increasingly complex challenges and problem such as 
improving the quality of learning, research innovation and 
community service [2, 3]. To answer problems and challeng-
es, a new approach is needed that can encourage holistic 
and sustainable transformation of lecturer performance [4]. 
One relevant approach is to utilize Pro Growth Constructive 
Interaction (PGCI) using a multidimensional approach and 
machine learning-based mathematical models. Pro Growth 
Constructive Interactions (PGCI) is part of a framework 
designed to create constructive interactions that support in-
dividual and organizational growth [5]. In this section there 

is a lecturer performance. PGCI aims to build a work envi-
ronment that is collaborative, innovative and responsive to 
change [6]. The PGCI concept will emphasize the importance 
of interactions that are not only horizontal between lecturers, 
but also vertical between lecturers and other stakeholders, 
such as students, institutional leaders and the community [7]. 
In this way, PGCI is able to create an ecosystem that is con-
ducive to improving lecturer performance in various dimen-
sions, such as academic, social and technological dimensions. 
The multidimensional approach at PGCI highlights that 
lecturer performance cannot be assessed from one aspect 
alone, but must include various interconnected aspects [8, 9]. 
In this research, there are academic variables that have lec-
turers’ abilities in teaching, research and scientific publica-
tions. Then there are social variables related to the lecturer’s 
interpersonal communication with students, colleagues and 
the wider community, while for technological variables there 
the lecturer’s ability to utilize digital technology to support 
learning, research and community service activities. Integra-
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decision management, change management, organizational 
learning, business-oriented framework and business intelli-
gence so as to illustrate the influence of flexibility on orga-
nizational effectiveness. Problems in this research that have 
not been resolved include the integration of Constructive Pro 
Growth with a multidimensional approach and the difficulty 
in implementing parameters for optimizing mathematical 
models with machine learning algorithms. This problem has 
not been resolved because in its application it is necessary to 
identify the most relevant factors and how to integrate them 
into a complex system and it is necessary to consider how the 
parameters that have been identified can be adapted to suit 
the model used. Based on this, it is necessary to apply machine 
learning techniques to be able to process parameter data and 
determine their influence on organizational effectiveness.

Research [19] tested strategic management so that it could 
assess the relationship between the risk management process 
and organizational management with the aim of measuring 
the parameters of good corporate governance, organizational 
flexibility and strategic change management. Unresolved 
problems such as changes in parameters and lack of correla-
tion between risk management processes and organizational 
management make it difficult to determine good corporate 
governance and multidimensionality makes it difficult to 
capture patterns that interact and influence growth. This is 
an unresolved problem because it requires identifying the 
most relevant factors and how to integrate them into a com-
plex system and determining parameters and correlations 
requires a technique or method that can process them, such 
as machine learning or the use of algorithms. Based on this, 
algorithms and machine learning are needed to determine 
the correlation between the risk management process and 
organizational management.

Research [20] will determine company performance 
in terms of company flexibility and management which 
produces rules in assessing the relationship between risk 
management processes and organizational management. The 
problems that have not been resolved are the absence of valid 
parameters used and the absence of variables that influence 
the determination of company performance and the need 
to identify the most relevant factors and how to integrate 
them into parameters so this has not been resolved because 
it is necessary to apply Pro Growth Constructive Interaction 
parameters with a multidimensional approach and optimiza-
tion of mathematical models based on this will be proposed 
and resolved using the method of determining parameters 
and utilizing machine learning in determining variables so 
that determining company performance can run effectively.

Research [21] will apply organizational flexibility param-
eters that will explore managerial relationships in business 
management. In this regard it would be recommended that 
future contributions should emphasize guidelines for imple-
menting flexibility while elaborating on flexibility theory. 
The findings presented in this paper have the potential to 
attract the attention of academics and practitioners to design 
ways to implement and improve organizational flexibility. 
There are problems that are still unresolved, including man-
agerial variables that change with each assessment and it is 
difficult to identify the most relevant factors, then there is 
no optimization of the results, which gives rise to problems 
that are difficult to solve because to apply organizational 
flexibility parameters, Pro Growth Constructive Interaction 
parameters are needed and optimization of mathematical 
models with machine learning algorithms.

tion of these three variables is needed to create holistic and 
competitive lecturer performance. In the context of machine 
learning, the use of mathematical models is a promising 
approach to support PGCI implementation [10, 11]. Machine 
learning enables efficient processing of large amounts of data 
to identify patterns, analyze relationships and make accurate 
predictions. In the context of lecturer performance trans-
formation, machine learning can be used to develop a more 
objective and data-based performance evaluation system. 
Apart from that, machine learning can also help in designing 
professional development programs that suit the individual 
needs of lecturers, based on in-depth data analysis [12, 13].

The problem in this research is resistance to change, 
both from individual lecturers and from the institution as 
a whole. The change in work paradigm required by PGCI 
requires a strong commitment from all parties to create a 
collaborative and innovative work culture [14]. Apart from 
that, limited technological infrastructure and digital skills 
of lecturers are also obstacles that need to be overcome to 
support the application of machine learning in transforming 
lecturer performance. To overcome these challenges, a com-
prehensive and integrated strategy is needed. This strategy 
includes developing lecturer capacity through training and 
workshops, providing adequate technological infrastructure, 
and strengthening a work culture that supports innovation. 
Apart from that, it is also important to involve lecturers in 
the planning and implementation process of PGCI, so that 
implementing PGCI with a multidimensional approach and 
machine learning has great potential to transform lecturer 
performance. For example, by utilizing interaction data 
between lecturers and students, institutions can identify 
factors that influence learning effectiveness [14, 15]. With 
the developed mathematical model, institutions can provide 
specific and evidence-based recommendations to lecturers 
to improve their performance. Apart from that, PGCI can 
also be used to identify opportunities for collaboration be-
tween lecturers and between institutions, which in turn can 
increase research productivity and innovation. In an effort 
to transform lecturer performance through PGCI, this re-
search aims to develop a holistic and data-based framework. 
This research will include needs analysis, development of 
machine learning-based mathematical models, and evalu-
ation of PGCI implementation in several higher education 
institutions. It is hoped that the results of this research can 
make a real contribution to improving the quality of higher 
education in Indonesia and at the global level [16, 17].

Therefore, research aimed at developing this and that 
becomes relevant because the transformation of lecturer per-
formance through Pro Growth Constructive Interaction with 
a multidimensional approach and machine learning-based 
mathematical models is an innovative solution to answer the 
challenges of higher education in the digital era. With this ap-
proach, it is hoped that lecturers can optimize their potential, 
improve performance holistically, and contribute more to the 
progress of higher education so that the implementation of 
PGCI with the support of technology-based mathematical 
models and machine learning is a strategic step to realizing 
superior and competitive higher education.

2. Literature review and problem statement

Research [18] carries out market changes by adjusting 
business processes by applying seven parameters such as 
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Research [22] states that constructive interactions be-
tween leaders and employees have a significant impact on 
improving performance in the work environment. These in-
teractions allow for open communication, supportive collab-
oration, and support focused on achieving shared goals. The 
results of this research are relevant for improving lecturer 
performance through interactions that support professional 
and personal development, especially in the context of vo-
cational higher education. However, there are problems that 
have not been resolved, such as interactions that are biased 
towards open communication and differences in goals, this 
has become an issue in unresolved problems because biased 
interactions can cause information failure which makes it 
difficult to improve performance. Based on this, machine 
learning algorithms will be utilized so that biased informa-
tion does not occur due to open interactions in the system.

Research [23] discusses Pro Growth Constructive Inter-
action which focuses on interaction approaches that support 
individual growth and productivity in organizations. This 
approach emphasizes developing skills and competencies 
through positive and supportive interactions. These findings 
can be adapted in the context of higher education to help 
lecturers develop teaching, research and service skills with 
support from management and colleagues. There are unre-
solved problems such as the absence of parameters to assess 
the relationship between risk management processes and the 
absence of identification of the most relevant factors in Pro 
Growth Constructive Interactions, so a multidimensional 
approach can effectively capture the various aspects that in-
teract with each other. This is an unresolved problem because 
there are no good governance communication rules accord-
ing to standard procedures and the Pro Growth Constructive 
Interaction parameters have not been implemented as well 
as the implementation of parameters for optimizing mathe-
matical models with machine learning algorithms. Based on 
this, a method will be implemented to support the formation 
of communication rules with machine learning algorithms 
to focus on optimization and application of Pro Growth Con-
structive Interaction parameters with multi-dimensionality.

Research [24] shows that training and professional devel-
opment are important factors in improving academic perfor-
mance in educational institutions. Appropriate training can 
help lecturers improve their competence and abilities, while 
support through constructive interactions can strengthen 
training results. There are problems that have not been re-
solved, such as there are still many variables that are difficult 
to integrate in the effectiveness of increasing competence 
and performance in the academic environment and there 
has been no implementation of the Pro Growth Constructive 
Interaction parameters with a multidimensional approach so 
this problem has not been resolved because it has not been 
possible to identify a multidimensional approach that can ef-
fectively capture various aspects that interact with each other 
and influence growth. Based on this, machine learning tech-
niques will be utilized to be able to process many variables 
quickly and easily improve competence and performance in 
the academic environment as well as apply Pro Growth Con-
structive Interaction parameters with a multidimensional 
approach with mathematical optimization

Research [25] found that work culture in an organization 
influences the effectiveness of constructive interactions. 
Institutions that have an open and supportive work culture 
tend to be more successful in implementing constructive in-
teractions that focus on growth. There are problems that are 

still unresolved, such as determining different work culture 
parameters in each institution and the difficulty in imple-
menting Pro Growth Constructive Interaction parameters 
with a multidimensional approach. This is an unresolved 
problem because different work cultures find it difficult to 
implement constructive interactions which results in de-
creased organizational or institutional performance and it 
is necessary to identify the most relevant factors and how to 
integrate them into the system. Based on this, it is relevant 
for the Indonesian Aviation Polytechnic which needs to adapt 
its organizational culture to a Pro Growth approach, so that 
it can increase the overall productivity and performance of 
lecturers.

Research [26] shows that intrinsic motivation and social 
support play an important role in lecturer performance. 
When lecturers receive support from colleagues and superi-
ors in the form of constructive interactions, they tend to have 
higher motivation to achieve optimal results. These findings 
emphasize the importance of proactive interactions that 
support growth, especially in the context of higher education 
where developing lecturer performance is the main key in 
improving the quality of education. There are unresolved 
problems such as the need for support in the form of proactive 
interactions that can help lecturers achieve maximum perfor-
mance as well as the application of Pro Growth Constructive 
Interaction parameters with a multidimensional approach. 
This is an unresolved problem because communication can 
make it difficult to achieve proactive interaction so methods 
are needed that can overcome this, one of which is the use 
of Pro Growth and it requires identifying the most relevant 
factors and how to integrate them into a complex system. 

Based on this, implementing parameters for optimizing 
mathematical models with machine learning algorithms can 
be a solution and application of a multidimensional approach.

3. The aim and the objectives of the study

The aim of this study is to identify lecturer performance 
through the application of Pro Growth Constructive Inter-
action with a multidimensional approach supported by ma-
chine learning-based mathematical models. 

To achieve this aim, the following objectives are accom-
plished:

– to apply parameters to Pro Growth Constructive Inter-
action with a Multidimensional Approach;

– to implement of parameters for optimization of mathe-
matical models with machine learning algorithms.

4. Materials and methods

In this research, there will be a research object, namely 
a focus on the Pro Growth Constructive Interaction (PGCI) 
approach as a strategy to improve lecturer performance. 
The main hypothesis of this research is the Effect of Pro 
Growth Constructive Interaction on Lecturer Performance 
and the Multidimensional Approach in Transforming Lec-
turer Performance as well as Mathematical and Machine 
Learning Models in Predicting Transformation of Lecturer 
Performance. The assumption in this work is that lecturers 
will have the capacity to make changes through constructive 
Pro Growth interactions which include lecturers being able 
to implement several methods to improve performance in the 
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fields of teaching, research and community service. Then this 
research takes a multidimensional approach which will look at 
the factors that influence lecturer performance and mathemati-
cal models with machine learning algorithms will be used to be 
able to see patterns in the lecturer’s performance process so that 
they can make accurate predictions. The simplifications adopt-
ed in the work include a focus on analysis of the complexity of 
interactions between variables such as teaching effectiveness, 
research productivity, and lecturers’ academic contributions. 
Then there will be multidimensional which will combine many 
aspects such as research and service. Then a mathematical mod-
el will be built to see the patterns and relationships contained in 
the variables used with the aim of facilitating interpretation of 
the analysis results. The research steps gin with designing the 
system architecture as shown in Fig. 1 below.

Fig. 1 will explain how to apply multidimensional Lagrang-
ian methods using mathematical models and machine learning 
that use deep neural network algorithms to identify and predict 
lecturer performance. In this section, the stages and formula-
tions used in processing methods and algorithms described. The 
mathematical formulation in multidimensional is as follows:

( ), , , , , .i eK f A S T I E T= 				    (1)

In (1) there is a symbol K which is described as a func-
tion which is then processed in feature space with symbol A 
which is the academic dimension, s is the social dimension, T 
the technological dimension, I the individual indicator, E the 
external factor and T the time. All these symbols will support 
the multidimensional process of Pro Growth Constructive In-
teraction and machine learning related to identifying lecturer 

performance. Next, let’s carry out the matrix representation 
process with the equation s which is represented as a matrix:

1 1 1 1 1 1

2 2 2 2 2 2 .

e

e
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Which will then be processed with a multidimensional 
tensor by modeling interactions between dimensions which 
will use tensor symbols, where is the number of individuals, 
is the dimension, and is the temporal influence which will 
carry out the process on Tijk with contributions to i towards 
individuals and j and at time with symbols k. Next, let’s pro-
cess the contribution interaction function constructively on 
the K symbol which modeled in equation (3):

( ) ( )
1

, , , , , , , , , , .
n

e i i e
i

f A S T I E T w g A S T I E T
=

= ∑ 		  (3)

Where the symbol is a weight that shows the level of influ-
ence of the dimension and the symbol is a non-linear function 
that will contribute to the academic dimension as in equation (4):

( ) ( ), , ln 1 .
1 RgA

TP T R P
e−− + +

+
			   (4)

In equation (4) there a symbol P which is a publication pa-
rameter, symbol T is a teaching, and a symbol R is a research 
parameter. Then there is an optimal performance with sym-
bols (Kopt) can be achieved by maximizing the objective function 
with equation (5):
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Fig. 1. Architectural framework
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, , , , , ,
max .

e
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K 					     (5)

In equation (5), there restrictions that produce the solu-
tion contained in equation (6):

0,iw ≥  
1

1,
n

i
i

w
=

=∑

0 , , , , 1.eA S T I E T≤ ≤ 				    (6)

In equation (6), optimization carried out using the La-
grangian method with the formulation in equation (7):

( ) ( )
1

, , , , , 1 .
n

e i
i

L K f A S T I E T w
=

 
λ = − λ − 

 
∑ 		  (7)

Which explains that it is a Lagrange multiplicator. 
After that there is equation (8) which will use a machine 
learning model for identification and prediction which 
processes the input data with a matrix symbolized D and 
value on Ki like:

( ){ }, , , , , 1,2,..., .eD A S T I E T i n= = 			   (8)

In equation (8), the model will use a deep neural net-
work algorithm to process non-linear relationships between 
dimensions that include symbols θ as a model parameter in 
equation (9):

( )ˆ , , , , ; .i eK DNN A S T I E T= θ 			   (9)

Then use this algorithm to minimize the loss function to 
determine the prediction error and complexity of a prediction 
model that contains the following equation (10):

( )2 2

2
1

1 ˆLoss .
n

i i
i

K K
n =

= − + λ θ∑ 			    (10)

2

2
λ θ  is a symbol for regularization to avoid overfitting 

in deep neural network algorithms. Next, the multidi-
mensional dimensions optimized using the formulation in 
equation (11):

.A s T I EP w A w S w T w I w E w τ= + + + + + τ 	  (11)

In equation (11), lecturer performance is symbolized 
by (p) being represented as a linear combination of sever-
al multidimensional and academic dimensions symbolized 
by (A) social (S), technological (T), individual (I), external (E) 
and temporal (T). Then the machine learning model opti-
mized with the formulation in equation (12):

optimized .A s T I EP w A w S w T w I w E w τ= + + + + + τ 	  (12)

After equation (12) is processed, there training of a 
machine learning model with multidimensional dimen-
sions as a target feature on the symbol Poptimized with 
equation (13):

( ), , , , , ; .MLP f A S T I E= τ θ 			    (13)

In equation (13), the results compared with the final pre-
diction of the symbol PML with Pactual to evaluate performance 
use values ROC-AUC.

5. Results of multidimensional approach and machine 
learning-based mathematical models

5. 1. Applying parameters to Pro Growth Construc-
tive Interaction with a multidimensional approach

The Pro Growth Constructive Interaction (PGCI) ap-
proach is a strategy to improve lecturer performance 
through multidimensional-based collaborative interac-
tions that include academic, social, technological, indi-
vidual, external, and temporal dimensions. The academic 
dimension focuses on research, teaching, and publication 
productivity, while the social dimension emphasizes net-
working to create an inclusive environment. Technology 
supports digital learning and efficiency, while the indi-
vidual dimension covers motivation, time management, 
and life balance. External factors involve industry policies 
and demands, and the temporal dimension ensures time 
optimization. Based on this application, there is a mathe-
matical formulation in (14):

( ) 2; || || .T
pred MLp w D f D w= ⋅ + Θ − λ⋅ 		   (14)

Equation (14) will then be implemented in a mathemati-
cal model with machine learning to determine and identify 
lecturer performance predictions. Based on (14), the graph 
in Fig. 2 below is produced.

Fig. 2 shows that the dimension with the highest aver-
age contribution to lecturer performance is the Temporal 
dimension with an average value of 0.177062. This indi-
cates that the time factor or temporal management has the 
most significant influence in supporting overall perfor-
mance. The Technology dimension follows with an average 
of 0.174122, which indicates that the use of technology is 
also an important component in supporting performance. 
The іocial (0.167044) and кxternal (0.165670) dimensions 
came next, highlighting the importance of social interac-
tions and external influences in supporting performance. 
Meanwhile, the Individual dimension has an average of 
0.163610, indicating a slightly lower contribution than the 
other dimensions, but still relevant. These findings provide 
insight that performance improvement strategies can be 
focused on optimizing dimensions that have high contri-
butions, especially on temporal and technological aspects, 
without neglecting other dimensions that also make signifi-
cant contributions. Then there the results of the Application 
of Pro Growth Constructive Interaction with a Multidimen-
sional Approach in the form of a heatmap visualization 
contained in the following Fig. 3.

Fig. 3 visualizes the average interactions between dimen-
sions using a heatmap, which provides an intuitive picture of 
the strength of the relationship between pairs of dimensions. 
An average interaction matrix is used as the main data, 
where each element indicates the strength of the relation-
ship between two specific dimensions, such as Academic, 
Social, or Technology. The results of this analysis can help 
identify which dimensions have a significant influence on 
other dimensions, so that it can be the basis for strategies to 
strengthen interactions between relevant dimensions. After 
the visualization, there a process of multidimensional ma-
chine learning that will identify the performance of lecturers 
as shown in Fig. 4.

Fig. 4 compares the actual performance with the pre-
dicted performance based on the interaction between di-
mensions, specifically the interaction between technology 
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and social. In Fig. 4, the dots represent actual performance, 
while the red line shows the performance predicted by the 
model. The X-axis represents the interaction between the 
technology and social dimensions, while the Y-axis rep-
resents the performance values. If the dots and the red line 
are close to each other, it indicates that the model successful-
ly predicted the performance accurately. Conversely, a large 

difference between the points and the line indicates that the 
model is less precise in predicting performance based on the 
interaction between dimensions. The results in Fig. 4 able to 
evaluate the extent to which the model is able to capture the 
relationship between the analyzed dimensions and actual 
performance, providing insight into the effectiveness of the 
model in predicting performance.

 

 
  

Fig. 2. Dimension contribution graph

 

 
  

Fig. 3. Heatmap visualization
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5. 2. Implementation of parameters for optimiza-
tion of mathematical models with machine learning 
algorithms

Below present the results of the model optimization to 
identify lecturer performance by calculating the optimized 
performance obtained through the application of optimized 
weights on various dimensions that affect lecturer perfor-
mance. The first process performed is to perform matrix 
multiplication between lecturer performance data and 
optimized weights, which results in a more accurate and 
structured performance value. These results are then en-
tered into a new column in the dataset labeled Optimized_
Performance. There is then a visualization of the weight 
distribution for each dimension used in the optimization 
calculation. The bar graph dis-
played gives a clear picture of 
how the weights are distributed 
across the various dimensions, 
with dimensions that have a 
greater contribution to lectur-
er performance receiving high-
er weights. This graph shows a 
more balanced weight distribu-
tion or focus on factors that are 
more influential in determin-
ing lecturer performance. The 
following weight optimization 
graph is found in Fig. 5.

Then a comparison made be-
tween the actual performance 
and optimized performance. 
This graph shows how lectur-
er performance changes after 
optimization is applied with 
equations (12), (13), the results 
obtained by optimized perfor-
mance tend to show better and 
structured results. This compar-
ison provides a visual represen-
tation of the effectiveness of the 
optimization. The results of the 

weight optimization for each dimension are pre-
sented to provide deeper insight into the factors 
that contribute to improving lecturer performance. 
Each dimension has a different weight, reflecting 
its contribution to a more optimized performance 
outcome. With this understanding, lecturer perfor-
mance development strategies can be more focused 
on the most influential dimensions. The following 
is a graph of the comparison before optimization 
and after optimization using the mathematical 
model in Fig. 6.

In Fig. 6, the optimization results show a sig-
nificant increase in lecturer performance, with 
an average increase of 0.0735 or about 7.35 % after 
the application of a mathematical model based on 
machine learning algorithms. This improvement 
is achieved through adjusting the weights on var-
ious dimensions that affect lecturer performance. 
The dimension with the largest contribution is the 
external dimension, with a weight of 0.2650, which 
reflects the importance of institutional support, 
policies, and access to resources in driving lecturer 
performance. Next, the technology dimension has 

a weight of 0.2179, indicating that the application of techno-
logical innovations, both in teaching and research, greatly 
contributes to better achievement. The academic dimension 
and individual dimension have weights of 0.1600 and 0.1452 
respectively, emphasizing the importance of professional 
achievement and individual quality of lecturers in the per-
formance transformation process. Meanwhile, the temporal 
dimension with a weight of 0.1291 and the social dimension 
with a weight of 0.0828 show that time management and so-
cial relationships also play a role, although not as big as the 
other dimensions. These results provide insight that machine 
learning-based optimization is able to prioritize critical fac-
tors, thus supporting more effective strategies in improving 
overall lecturer performance.

 

 
  

Fig. 4. Prediction chart

 

 
  

Fig. 5. Weight optimization on each dimension
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6. Discussion of model predictions in looking at the 
performance of air transportation vocational education

This research will discuss a multidimensional approach 
utilizing the Lagrangian method supported by a deep neural 
network algorithm in identifying and predicting lecturer 
performance. In the process, the multidimensional approach 
succeeded in making it easier to identify parameters related to 
lecturer performance which will then be processed using the 
Lagrangian method combined with a deep neural network 
algorithm to produce a model that can identify and predict 
lecturer performance. Multidimensional will use dimensions 
such as academic, social, technological, individual, external 
and temporal which are able to increase understanding of lec-
turer performance. The results of the model in predicting and 
identifying lecturer performance are shown in Fig. 4 which 
carries out a process based on the mathematical formulation 
of the Lagrangian method and the deep neural network algo-
rithm shown in (2)–(5) where in the process the Lagrangian 
method needed in the deep architecture. learning so that it 
will form a model that produces the formulation in (6)–(9). 
Meanwhile, for (10) it used to see whether the model is ex-
periencing overfitting and for problems (11)–(13) it used for 
evaluating the model so that the model can work better. This 
is proven by Fig. 2 which identifies all lecturer performance 
parameters combined with equation (14). In the research, 
there are features that provide benefits for identifying lectur-
er performance transformations involving various parame-
ters that are designed comprehensively. Features include Pro 
Growth, multidimensional dimensions along with machine 
learning-based mathematical model features that are capable 
of processing data predictively, analyzing relationships be-
tween parameters, and providing personal recommendations 
for improving performance. The advantage of this research 
compared to similar research is that it is a multidimensional 

approach which includes aspects of pedagogy, research, com-
munity service and administration, thus providing a compre-
hensive picture of lecturer performance.

In Part 2, there are research results related to the ap-
plication of management parameters and risk analysis in 
increasing organizational effectiveness. The results obtained 
in this research by applying multidimensional and machine 
learning-based mathematical models can overcome limita-
tions in determining parameters and variables for techniques 
that have been carried out in previous research, especially 
in terms of determining key variables and structural data 
processing. Overall, all the results obtained provide evidence 
that the proposed approach can make a significant contribu-
tion in improving employee performance through construc-
tive interactions that support growth. 

This is different from what was done by [22] who stated 
that constructive interactions between leaders and employees 
have a significant impact on improving performance in the 
work environment, which then results in interactions that 
are biased towards open communication and differences in 
goals so that identification errors and low accuracy often 
occur. Based on this, machine learning algorithms will be 
utilized to avoid biased information due to open interactions 
in the system. This research will use a multidimensional 
approach, namely pedagogy, research, community service, 
and administration and this research offers analysis based on 
mathematical models and machine learning, which allows 
accurate performance predictions and provides personalized 
recommendations. which can be tailored to the lecturer’s 
individual needs. 

The limitations of this research lie in the machine learn-
ing-based mathematical model which really needs good qual-
ity data so that predictions can be valid. If the data quality 
is incomplete, it will lead to biased predictions and the lim-
itations of this research lie in its multidimensionality which 

 

 
 

  
Fig. 6. Comparison before and after optimization
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requires conformity to parameters. Meanwhile, the weakness 
of this research lies in its dependence on adequate technolog-
ical infrastructure, such as strong hardware and the latest 
software. This research can be developed by expanding the 
scope of data from various types of educational institutions 
to increase the generalization of the model. Then it can be 
developed using the integration of IoT technology or a cloud 
system to enable real-time collection of lecturer performance 
data, providing more responsive recommendations. The 
addition of explainable AI (XAI) features can also make it 
easier to understand analysis results, increasing adoption 
and acceptance by non-technical users.

7. Conclusions

1. This study shows that the multidimensional approach 
based on the Lagrangian method and deep neural network 
algorithm is effective in identifying and predicting lecturer 
performance with high accuracy reaching 92.4 %. Temporal 
and technological dimensions contribute significantly to 
lecturer performance, while the external dimension is the 
main factor with the highest weight in performance optimi-
zation. The optimization process managed to improve the 
average performance by 7.35 %, providing evidence that the 
developed model has high validity in supporting data-based 
decision making.

2. Modeling using tensor representations and data visu-
alizations, such as heatmaps and prediction graphs, provide 
deep insights into the interactions between dimensions that 

affect lecturer performance. The results of weight distribu-
tion optimization between dimensions show the external and 
technology dimensions as strategic priorities in performance 
development. Thus, this machine learning-based mathe-
matical model can be a useful tool to evaluate and improve 
performance in higher education institutions more broadly.
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