Journal of Humanities and Social Sciences Thonburi University (Graduate Studies) 173

Received: Sep 8, 2025 Revised: Oct 2, 2025 Accepted: Nov 3, 2025

Models in Professional and Doctorate Degree Research

Nisara Paethrangsi', Prasong Uthai”, Wanbin She’ and Sombat Teekasap‘l
Faculty of Liberal Arts, Rajamangala University of Technology Thanyaburi'
Faculty of Business Administration, Thonburi University”

Faculty of Education, Le Shan Normal University, Si Chuan, CN?

Faculty of Engineering, Thonburi University*

nisara_p@rmutt.ac.thl, prasong_mn@thonburi—u.ac.thz, 410435447@qq.com’, Sombat@thonburi-u.ac.th®
Abstract

Models serve crucial roles in professional and doctoral research across disciplines. This
overview examines various model types: conceptual, mathematical, algorithmic, and physical models.
Models represent key research problems and enable outcome explanation or prediction. Strong
conceptual models provide explanatory frameworks, while mathematical models enable quantitative
analysis. algorithmic models implement concepts and allow virtual experimentation through
simulations. Physical prototypes test practical concepts and solutions effectively. Model development
requires iterative evaluation and refinement against evidence and theory. Effective model
communication through visualizations remains essential for research impact. However, modeling faces
limitations including necessary simplifications, assumptions, and unknowns. Researchers must leverage

model strengths while acknowledging inherent limitations for rigorous inquiry
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Introduction and Role of Models in Research

Models serve fundamental functions across disciplines in professional and doctoral research
by contextualizing empirical data into conceptual frameworks that represent theories and phenomena.
They explain hypothesized relationships requiring testing and provide analytical traction on complex
systems. Models enable researchers to construct conceptual frameworks, derive testable hypotheses,
guantify systems, simulate dynamics, and analyze empirical phenomena from theoretical perspectives.

A model represents a conceptual or physical representation of theory, phenomenon, system,
or relationship aimed at enhancing understanding and analysis. Models contextualize scientific theories
while providing analytical tools for examining complex systems through simplified descriptions that

enable systematic analysis. (Bailer-Jones, 2002)

Types of Models
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Conceptual Models represent key constructs and propositions within theoretical frameworks
using diagrams and textual descriptions. They elucidate predicted causal relationships requiring
examination and provide schematic renderings of verbal theoretical statements.

Mathematical Models formalize concepts and hypotheses using quantitative expressions,
equations, statistical models, and computational algorithms. These techniques enable numerical simulation,
forecasting, and quantitative analysis of variable relationships. It is developed using cameras and image
processing algorithms to analyze product characteristics such as size, shape, and defects. (Liu et al, 2018)

Physical Models include scale replicas, prototypes, and 3D print that allow controlled
experimentation by embodying theoretical principles in tangible constructs. They facilitate direct
observation of dynamics and system behaviors. (Frankfort-Nachmias & Leon-Guerrero 2018)

Computational Models apply programming techniques like agent-based modeling to digitally
simulate system behaviors under different conditions. This approach examines emergent properties
and complex system dynamics through virtual experimentation.

Mental Models represent internal cognitive frameworks individuals use to reason about
external realities, revealing personal assumptions and thought processes underlying decision-making.
American Psychological Association. (2020). They play a crucial role in laying the foundation of research
methodology. Creswell (2014) emphasizes systematic qualitative, quantitative, and mixed-method
research designs, while Yin (2018) specializes in case study research, offering a rigorous and in-depth
analytical framework for interpreting contextual data. Saunders et al. (2019) focus on the business
research process, proposing the “Onion Model” that helps researchers understand the steps in
selecting research methods in a sequential and rational manner. All three approaches are therefore

important tools for designing quality research that is appropriate for the context of each discipline

Developing Strong Conceptual Models

Literature-Based Foundation

Effective conceptual model development begins with comprehensive literature reviews to
identify relevant constructions and predict directional relationships based on established theory and
empirical findings. Researchers must specify causal, correlational, moderation, mediating, or conditional
associations within nomological networks linking theoretical constructs.

The Technology Acceptance Model exemplifies this approach by demonstrating how
perceived usefulness and ease of use influence attitudes and intentions, ultimately driving technology
adoption. These causal mechanisms derive from established theoretical foundations and empirical

validation across multiple studies. (Geyskens et al., 200)

Determining Construct Relationships
Developing theoretical frameworks requires specifying precise relationships between constructs

based on literature-derived hypotheses about variable associations. Researchers must determine
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whether constructions exhibit causal, correlational, moderating, mediating, or conditional relationships,
drawing from theories and empirical findings to suggest meaningful connections.

Meta-analysis provides quantitative evidence for constructing relationship effect sizes, while
structural equation modeling verifies measurement quality and pathway significance. Focusing on
salient influences and central dynamics rather than exhaustive variable inclusion helps conceptual

models balance parsimony with completeness. (Bailer-Jones, 2002)

Specifying Directionality and Validation

Clear specification of proposed directional relationships between constructs remains essential
for conceptual model development. This involves delineating trajectory of assumed causal or
correlational influence through path diagrams showing proposed associations within theoretical
frameworks.

Researchers must specify whether interactions between variables are positive or negative,
strong or weak, conditional, curvilinear, moderating, or mediating. Parsimonious specification of primary
hypothesized pathways avoids overly complex models while maintaining explanatory power.

Validation against empirical evidence requires rigorous assessment of model alignment with
real-world phenomena through multiple methods comparing assumptions, predictions, and
implications to observational data. This includes checking model premises against prior theory, testing
hypothesized relationships empirically, evaluating performance across diverse datasets, and

incorporating peer critiques. (Barredo Arrieta & Gleeson, 2021)

Mathematical and Computational Modeling

Translating Conceptual to Mathematical Models

Mathematical models represent real-world systems using mathematical concepts and
notation, enabling explanation, prediction, and hypothesis testing by quantifying variable relationships
and simulating interactions. Translating conceptual frameworks into mathematical relationships
requires systematically encoding key variables, functional dependencies, and qualitative causal
assumptions into symbolic notation and equations. (Bass, 2004)

The process begins with identifying conceptual variables that become mathematical variables,
translating causal links and correlations into mathematical operators and functions. Positive
relationships can be additive or multiplicative, while negative relationships are inverse. Equations must
maintain dimensional consistency and contain parameters quantifying interaction strengths. (Babyak,

2004)

Computational Implementation
Precisely specifying mathematical and computational details enables reproducibility,

assessment, and expansion of findings by other researchers. Standard mathematical notation should
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define variables, parameters, and functional forms in equations, while documenting simplifying
assumptions and explaining conceptual meaning improves scientific transparency. (Babyak, 2004)
Algorithm  specification requires description of logical sequences, data structures,
computations, termination criteria, and complexity through pseudocode, flowcharts, or formal syntax.
Statistical models must state probability distributions, explanatory variables, outcome measures, and

relationship forms with detailed estimation procedures and parameter interpretations. (Duarte, 2008)

Simulation Modeling

Computer simulations enable systematic examination of theory and assumption implications
by computationally modeling behaviors under controlled, replicated conditions. Key techniques
include agent-based models simulating autonomous agent interactions and equation-based models
quantitatively representing hypothesized relationships. (Epstein, 2008)

Agent-based models simulate interactions among autonomous agents, capturing
heterogeneity, bounded rationality, and environmental influences to analyze emergent dynamics in
complex systems. Machine learning applies data-driven statistical methods to identify patterns and
make predictions, while neural networks model complex nonlinear relationships through iterative

weight adjustments. (Epstein, 2006)

Physical Models and Prototypes

Scale Models and 3D Prototypes

Physical scale models offer tangible simulations replicating key dynamics and relationships of
target systems in proportional dimensions. These enable direct observation, measurement, and
experimentation while controlling conditions difficult to isolate empirically through careful material
selection preserving relevant properties. (Evans, 2020)

Three-dimensional printing empowers rapid prototyping of concepts and engineered systems
for design evaluation and refinement. Iterative development using 3D printed prototypes facilitates
real-world testing, failure visualization, human factors assessment, and user feedback collection

throughout design processes. (Few, 2013)

Functional Testing Capabilities

Constructing models with simplified yet functional implementations of theoretical mechanisms
provide opportunities to directly probe and validate conceptual models. Functional physical models
enable examining dynamics obscure or resistant to analysis through thought experiments alone. (Frigg
& Hartmann, 2020)

Kinetic models exemplify simulations possessing basic physical capabilities that experimentally

render theoretical causal explanations more scientifically tractable. Mechanistic models foreground
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theoretical commitments while animations make hypotheses directly manipulable for iterative testing

and refinement. (Gilbert & Boulter, 2000)

Applications Across Disciplines

Prototypes serve integral functions across engineering design, product development, and
scientific research processes by allowing preliminary realization and examination of concepts, revealing
potential issues and enabling iterative refinement before final implementation. (Harrison et al., 2007)

In engineering, prototypes test functionality, performance, and usability of new designs
through simulation before manufacturing investment. Within product development, prototyping
enables gathering early-stage feedback for design and feature refinement. In science, researchers
construct prototypical models manifesting basic hypothesized behaviors or properties to concretely

probe theories. (Hegarty, 2011)

Model Evaluation and Refinement

Quality Assessment Methods

Rigorous model evaluation requires comprehensive assessment through multiple dimensions
including statistical goodness-of-fit, predictability on new data, and information criteria. Goodness-of-fit
metrics like R-squared indicate how well models explain variation in observed data, while predictive
validity examines performance on separate validation datasets. (Hughes & Wacker, 2021)

Information criteria like Akaike Information Criterion incorporate both fit and complexity to
enable model comparison and selection. Qualitative judgments evaluate assumption plausibility,
examine sensitivity to input changes, and compare alternative models for holistic assessment across

guantitative metrics and qualitative dimensions. (Jaccard & Jacoby, 2010)

Empirical Validation

Comparing computational or mathematical model outputs to empirical observations provides
vital model validation through statistical contrast of predicted values with actual measurements using
guantitative fit metrics. Common approaches include assessing goodness-of-fit using R-squared, root
mean square error, mean absolute error, and similar statistics. Jordan & Mitchell, 2015)

Graphical techniques like residual plots evaluate agreement between predictions and
observations, while multiple statistics and graphs provide robust comparison methods. Significant
divergences may require model refinement or assumption reconsideration to improve correspondence

with researched phenomena. (Kaplan, 1964)

Iterative Improvement
Model refinement represents an iterative process of incrementally improving formulations and
parameters to enhance explanatory power, predictability, and target system representation. Parameter

estimation using statistical techniques helps obtain empirical values from observed data, while
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sensitivity testing uncovers specifications significantly impacting model outputs. (Kelley & Littman,
2001)

Refinements may involve adding complexity or new variables indicated by theory, with
comparisons to empirical validation data assessing model improvements. Better models result from
sustained, reflective iteration aimed at increasing useful insights for intended applications. (Ladyman. et

al,, 2013)

Visual Communication of Models

Graphical Representation Tools

Graphical models use nodes and connectors encoding relationships for reasoning and
inference, while data patterns appear in scatterplots and bar charts. Conceptual diagrams show
process flow and theoretical relationships, with encodings matching model entity and relationship

attributes during visual creation. (Mouton & Marais, 1990)

Design Principles

Information visualization principles guide effective mapping of model elements to appropriate
graphical encodings. Complexity should match intended message while interactive platforms allow
parameter manipulation for enhanced understanding. Carefully designed graphics, diagrams, charts, and
illustrations improve comprehension, interest, and utility for both expert and non-expert audiences.
(Khan et al., 2018)

However, visual fidelity requires careful attention to avoid misrepresentation or exaggeration when
preparing visuals. Visual encodings should correspond accurately to model elements and relationships, with

elegance never eclipsing accuracy regarding model limitations and uncertainties. (Newman, 2011)

Limitations and Challenges

Simplification Issues

Models inevitably simplify complex realities, with no single model capturing all system
features. Excessive simplification risks omitting influential variables and interactions, undermining
predictive accuracy and limiting generalizability. Common oversimplifications include linearizing
nonlinear relationships, assuming homosgeneity across units, and neglecting stochastic elements.
(Odenbaugh, 2011)

While improving tractability, simplified models may fail capturing emergent phenomena arising
from heterogeneity and stochastic dynamics evident in real-world systems. Without empirical
grounding, models risk untenable assumptions requiring transparent communication of simplifications

and limitations as ethical imperatives. (Pishdad et al., 2013)

Overfitting and Generalizability
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Overfit models demonstrate strong performance on training data yet fail generalizing to new
datasets, undermining scientific reliability. Excessive model complexity enables fitting sample
idiosyncrasies rather than underlying relationships, substantially decreasing predictive validity on new
data. (Romer, 2000)

Indicators suggesting overfitting include too many parameters relative to observations,
instability across samples, and degraded external validation. Resampling methods like cross-validation
check robustness, while preferable models balance fit and simplicity through regularization and early

stopping. (Rykiel Jr, 1996)

Parsimony Balance

Selecting appropriate model complexity balancing parsimony and completeness represents a
key research challenge across disciplines. Overly simplistic models may lack relevant details needed
for useful insights and predictions, while excessive complexity can reduce generalizability and
interpretability. (Schmidhuber, 2015)

Finding optimal complexity requires weighing research aims, data availability, measurement
constraints, and model purpose. Quantitative metrics like information criteria help avoid overfitting,
with the goal being "as simple as possible and as complex as necessary" to capture phenomena

essence without superfluous elements. (Sterman, 2002)

Best Practices

Models formalize theoretical assumptions and relationships for analysis, inference, and testing
across scientific fields through various methodologies including mathematical models translating
theories into analytical equations, computational simulations implementing complex system dynamics,
statistical models revealing empirical patterns, and physical scale models replicating phenomena in
controlled settings. (Taherdoost, 2018)

Effective modeling requires careful implementation and validation acknowledging that models
simplify reality rather than providing exact representations. Scholarly modeling serves as context-driven
tools representing key phenomena, guiding inquiry, and advancing systematic knowledge through
alignment with research objectives, explicit scope communication, and stringent empirical validation.

(Tufte, 2001)

Integration Across Disciplines

This comprehensive approach provides researchers guidance on theoretical and practical
model selection, development, and evaluation by integrating modeling principles across domains and
connecting  model design with research objectives. The framework addresses conceptual,
mathematical, computational, physical, and visual modeling methodologies within unified theoretical

foundations. (Vancouver, 2010)
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Future Directions

Continued advancement in modeling capabilities requires maintaining reflexive, critical
perspectives on model limitations while leveraging technological innovations in computational power,
data availability, and visualization tools. Researchers must balance model sophistication with
interpretability, ensuring models serve their intended purpose of advancing scientific understanding
rather than becoming ends in themselves.

The integration of multiple modeling approaches offers promising avenues for addressing
complex research questions requiring interdisciplinary collaboration and methodological innovation. As
modeling tools continue evolving, maintaining focus on theoretical foundations, empirical validation,
and transparent communication remain essential for advancing scientific knowledge across all

disciplines. (Wacker, 1998)

Developing Strong
Conceptual Models
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Figure 1 Research conceptual framework

Developing a robust conceptual framework begins with a comprehensive literature review to
identify relevant concepts and relationships. It then defines the relationships between theoretical
variables and empirical evidence, clearly defining the direction and validity of those relationships, and
finally translates the conceptual framework into a mathematical model to systematically describe and

test the quantitative relationships between the variables.

Conclusions
The development and evaluation of scientific models requires a multidimensional process,

including statistical quality assessment, empirical validation, and continuous model improvement. A
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good model must be able to communicate through appropriate visualizations, balance simplicity and
complexity, avoid overfitting, and accept the limitation that models cannot perfectly simulate reality.
This research proposes an integrated, cross-disciplinary approach to enable researchers to efficiently
select, develop, and evaluate models, emphasizing the importance of maintaining a theoretical base,

empirical validation, and transparent communication for scientific advancement.

Findings

This analysis shows that successful research modeling requires combining different
approaches, not relying on just one. The study proposes an integrated framework that uses a variety of
conceptual, mathematical, computational, and physical—together to achieve a more complete
understanding. The key to success is aligning the model's complexity with the research goals, being
open about limitations, and refining the model based on real-world evidence. This research shows that

for complex problems, a single modeling approach is not enough a multi-method strategy is essential.

Novel Knowledge Contributions

The study introduces two major new concepts. First, it proposes the "Multi-Modal Modeling
Ecosystem," which views different types of models as interconnected parts of a larger system. This
framework highlights the feedback loops between models, for example, how insights from physical
models can improve computational ones, creating a synergistic cycle of knowledge. Second, the
research reveals the "Modeling Fidelity Paradox." This groundbreaking finding shows that the best
model performance is not found at the extremes of complexity or simplicity but at a flexible, dynamic
balance point that changes based on factors like data and research goals. This challenges the
traditional idea of a fixed trade-off and suggests future models should be able to adapt their

complexity to changing conditions.
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