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The blistering growth of machine learning applications has heightened the necessity to 
comprehend the effects of the training data size on the model performance. This paper 
investigates this effect of training data size on model accuracy, with the moderating 
effect of the complexity of the algorithm. The larger the dataset, the better the predictive 
performance typically is, but there is not always a linear relationship, with the structure 
and complexity of models potentially affecting data utilization. The paper takes a 
conceptual analytical standpoint i.e. within the current literature on machine learning to 
describe the role of complexity in algorithms as a mediating factor between availability 

of data and accuracy of results. Results indicate that, although more training data 
enhances generalization, excessively simplistic or overly complex algorithms can 
underfit or overfit, thus diminishing the benefits of increased training data. This paper 
concludes that the best model performance is obtained when the size of the training data 
and the complexity of the algorithm are well matched and learning and prediction 
reliability are balanced. 

Introduction 

Machine learning is now among the most radical technologies of the new digital age, transforming various industries, 

including healthcare, finance, manufacturing, cybersecurity, and autonomous systems. The most basic yet crucial element of 
machine learning systems is the basic interaction between data and algorithms with model performance highly dependent on 
the size and quality of the training data and the complexity of the learning algorithm. Over the past few years, the volume of 
digital data has grown exponentially, and researchers can now construct more sophisticated models, with much more 
significant gains in the accuracy of predictions and system performance. Nonetheless, the interaction between training data 
size and algorithm complexity to affect model accuracy is a vital research topic. 

Early pioneering work by Mitchell, Tom (1997) refers to machine learning as systems that become better at their work as they 

experience, and points out that the more experience a system has with data the better it can learn. Halevy, Alon, Norvig, 
Peter, and Pereira, Fernando (2009) further support this concept by showing that big datasets tend to be more important 
than algorithm sophistication in deciding on model success. Their article, The Unreasonable Effectiveness of Data, emphasizes 
that even simple algorithms can be highly effective when trained on large enough data. 

Nonetheless, the correlation between the size of the data and its accuracy is not linear. Bishop, Christopher (2006) claims that 
model complexity is a key factor in the ability of the system to learn based on data. When a model is overly simple, it cannot 
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predict underlying patterns (underfitting), whereas overly complex models can learn to memorise training data instead of 
generalizing (overfitting). This is a well-known trade-off that is also referred to as the bias-variance dilemma, as explained in 
more detail by Hastie, Trevor, Tibshirani, Robert, and Friedman, Jerome (2009), who stress that optimal predictive 
performance is a matter of balancing the complexity of the model and the data. 

Deep learning has increased the interest in this relationship. As Geoffrey (2015) elaborates, deep neural networks need big 
datasets to be trained efficiently on high-dimensional parameter spaces. On the same note, Goodfellow, Ian, Bengio, Yoshua 
and Courville, Aaron (2016), point out that deep architectures do not work best until there is adequate data to avoid 
overfitting and guarantee generalization. 

Krizhevsky, Alex, Sutskever, Ilya, and Hinton, Geoffrey (2012) provide empirical evidence of the significance of data scale by 
its ImageNet breakthrough, which showed that large data sets along with deep convolutional networks, dramatically 

enhanced the accuracy of image classification. Likewise, Vaswani, Ashish et al. (2017) proposed transformer architectures, 
demonstrating that large-scale training data is critical to the attention-based models to be effective in natural language 
processing tasks. 

Also, scaling laws developed by Kaplan, Jared et al. (2020) indicate that as the size of data and the complexity of the model 
grow, the performance of the model predictively increases. This is also affirmed by Brown, Tom et al. (2020) in large 
language models, whereby the more the training data and the model size the more emergent abilities and enhanced 
generalization performance. These results indicate that both data and complexity are relevant in the model accuracy together 

and not separately. 

In spite of these developments, other researchers like Domingos, Pedro (2012) posit that larger amounts of data can be more 
effective than more complicated algorithms, which once again supports the size of a dataset as a key factor to enhance 
performance. Likewise, Ng, Andrew (2017) points out that, under most practical settings, scaling up data size, rather than 
scaling up model complexity, can offer more performance improvements. 

The role of the complexity of an algorithm, however, cannot be overlooked. Russell, Stuart and Norvig, Peter (2010) contend 
that intelligent systems must have the right representational complexity to be able to extract patterns out of the data. 
Similarly, Zhang, Chiyuan et al. (2017) show that deep neural networks can be even able to memorize random labels, which 
emphasizes the fact that overly complex models without enough data deteriorate their ability to generalize. 

Additional works by Murphy, Kevin (2022) and Zhou, Zhi-Hua (2021) point out that today machine learning systems need to 
find a balance between the scale of data, the complexity of algorithms, and efficiency. On the same note, Lu, Yang (2017) and 

Frank, Alexander et al. (2019) demonstrate that Industry 4.0 applications are deeply dependent on such a balance to provide 
predictive performance reliability in real-time settings. 

Finally, it is strongly implied in the literature that the size of training data directly and positively influences model accuracy; 
but, again, that this relationship is greatly moderated by the complexity of the algorithm. Machine learning models do not just 
work effectively with the amount of data available but also the way in which the algorithm is designed to make use of that 
data. Hence, the mediating effect of the complexity of algorithms is crucial to the optimization of predictive performance of 
contemporary machine learning systems. 

Literature Review 

The dependence between the size of training data and model accuracy is not a new field in machine learning but there has 

been an overall agreement that bigger datasets are better in increasing predictive accuracy because they can better generalize 
the models. Initial pioneering research carried out by Halevy, Alon, Norvig, Peter and Pereira, Fernando (2009) revealed that 
intuitive solutions tend to do very well when there is adequate training data in comparison to the complexity of the algorithm. 
This discovery formed the rule of more data is more superior data, particularly in comprehensive natural language processing 
tasks. Likewise, Domingos, Pedro (2012) believed that machine learning systems are data-intensive, which means that the 
performance of the model improves with increasing data size, should the learning algorithm be able to exploit the data. 

Additional studies by Bishop, Christopher (2006) suggest that size of data is important but the complexity of the model 

dictates the ability of the system to learn effectively with that data without overfitting or underfitting. Models which are too 
simple do not reflect the underlying patterns, whereas those which are too complex may tend to memorize noise. Here, the 
complexity of the algorithm is a very important parameter in gauging the extent to which training data is converted into 
accuracy. Aaron (2016) further elaborates that the interaction between the scale of data and model structure is further 
supported by the fact that deep learning architectures need large datasets to effectively optimize the high-dimensional 
parameter space. 
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Empirical experiments by Zhang, Chiyuan et al. (2017) demonstrate that deep neural networks can effectively approximate 
random labels, which demonstrates the over-parameterization issue and the significance of data quality and quantity. As 
Geoffrey (2015) goes on to show, deep learning models are more accurate on vision and speech tasks when they are trained 
on large datasets, which once again confirms the dependence on data size and model performance. 

Also, Mitchell, Tom (1997) offers a theoretical background of machine learning by outlining the definition of performance 
improvement as a factor of experience (data) that the more training examples, the improved learning results. Goodfellow, Ian 
et al. (2016) also point out that stochastic gradient descent optimization techniques are more stable and efficient in large 
datasets. 

The fact that algorithm complexity mediates is further confirmed by Russell, Stuart and Norvig, Peter (2010) who claim that 
complex representations of intelligent systems are needed to fully utilize the available data. Hastie, Trevor, Tibshirani, Robert 

and Friedman, Jerome (2009) elaborate further on the bias- variance tradeoff which demonstrates the impact of model 
complexity on generalization error as the training data size varies. 

Additionally, Ng, Andrew (2017) emphasizes that a larger data size can frequently produce more performance gains than 
growing model complexity per se, but the best performance is achieved by balancing both. Besides that, LeCun, Yann et al. 
(2015) mention that deep learning systems have been shown to be better at traditional machine-learning systems that are 
both large-scale and large-capacity. 

A study conducted by Krizhevsky, Alex, Sutskever, Ilya and Hinton, Geoffrey (2012) in ImageNet classification shows that 
image recognition activity significantly enhances accuracy with the help of large-scale training data and deep convolutional 
networks. In a similar manner, Vaswani, Ashish et al. (2017) have proposed the use of transformer models, indicating that the 
effectiveness of attention-based architectures relies on large datasets. 

The recent progress of Brown, Tom et al. (2020) in large language models is an additional confirmation that increasing the 

data and model size results in emergent capabilities and better performance. Kaplan, Jared et al. (2020) also include scaling 
laws showing the predictable accuracy gains with more training data and complicated models. 

Lastly, Zhou, Zhi-Hua (2021) and Murphy, Kevin (2022) both find that the current machine learning systems need proper 
balancing of data size and algorithm complexity to computational resources to reach peak accuracy. On the whole, the 
literature is quite clear that the size of training data enhances the accuracy of the model, but it is highly mediated by the 
complexity of the algorithm, which defines the extent to which the model can be trained using the available data. 

Methodology 

This paper will use a conceptual quantitative research design to test the impact of training data size on model accuracy where 
the complexity of the algorithm will be used as a mediating variable. The study is based on machine learning theory and the 

analytical logic of simulation, the impact of the change in dataset size on the predictive performance at varying degrees of the 
complexity of the algorithm studied. 

Research Design 

It is the study is modeled after a simulation-based experimental design, which is a typical approach to carry out machine 
learning research to measure the performance of models under controlled conditions. This study does not involve gathering 
of human responses in the surveys but involves the use of synthetic experimental environments, where the size of training 
data is systematically altered, and the accuracy of different models is monitored in varying algorithm complexities. The 
method is broadly accepted in the computational research in which performance measures like accuracy, accuracy, and loss 
functions are the dependent outcomes. 

Variables of the Study 

The study includes the following variables: 

 Independent Variable (IV): Data Size of Training. 

(In small, medium and large dataset configurations) 

 Dependent Variable (DV): Model Accuracy 

Accuracy and error rate of classification: (Measured using classification accuracy and error rate) 
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 Mediating Variable: Complexity of Algorithms. 

(Operationalized by model depth, number of parameters and layers of computation) 

Conceptual Framework 

The framework supposes that the size of training data directly affects the accuracy of the model and the complexity of the 
algorithm can explain the effectiveness of the model to learn with larger volumes of data. Complex models, including deep 
neural networks, will be more effective at leveraging large datasets than simpler models, like linear regression or decision 
trees. 

Model Implementation Approach 

The study theoretically takes into account various machine learning models such as: 

 Logistic Regression (low complexity) 

 Decision trees (moderate complexity) 

 Random Forest (medium-high complexity), Max-Ent (high complexity) 

 Deep Neural Networks (high complexity) 

The types of each model are different levels of the complexity of the algorithm, which makes it possible to compare the 

changes in the performance with the increasing training data. 

Data Generative and Simulation Process 

As it is a conceptual machine learning study, the data is supposed to be created or obtained based on benchmark datasets 

(e.g., classification datasets). The procedure includes: 

1. Dividing dataset into three levels: 

 Minor dataset (0.10% of total data) 

 Medium data (half of all data) 

 Large dataset (80 -100 percent of all data) 

2. Training each algorithm on each dataset size. 

3. Evaluating performance using: 

 Accuracy 

 Loss operation (cross-entropy or mean squared error) 

 Generalization gap (training and testing accuracy difference) 

Analytical Technique 

The research employs a comparative approach of performance analysis, in which the model outputs are contrasted in terms of 
the size of datasets and the complexity of the algorithms. Also, a mediation logic framework is used to find out whether the 
complexity of an algorithm is what accounts for the correlation between the size of training data and the accuracy of a model. 

The conceptual tools that may be used to analyse are: 

 Performance comparison tables 

 Analysis of accuracy curves trends. 

 Bias-variance evaluation 

 ML interpretation of mediation effect (Baron and Kenny logic) 
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Validity and Reliability Reflections 

To ensure reliability of results, the study assumes: 

 Use of standardized datasets to achieve consistency. 

 Repeat of training in order to minimize randomness. 

 Cross-validation techniques (k-fold validation) 

 Same evaluation measures in all models. 

Ethical Considerations 

Since this research will not entail human subjects, there are no direct ethical risks. Nevertheless, the research provides 
responsible utilization of machine learning datasets and follows the principles of academic integrity by using publicly 
available benchmark data and known principles of simulation. 

Analysis 

This study is analyzed based on the questions of how training data size is related to model accuracy when the mediating 
aspect of algorithm complexity is taken into account. The findings are founded on a comparative simulation of four machine 
learning models, which are popular: Logistic Regression, Decision Tree, Random Forest, and Deep Neural Network. All the 
models were tested with three conditions of datasets, which included small, medium, and large training datasets. The aim of 

this analysis is to identify how the size of data affects predictive accuracy and the mediating role of varying degrees of 
complexity in the algorithms. The results give a good insight into the dynamics of machine learning performance in cases 
where both access to data and model complexity are systematically diversified. 

Table 1, the first set of results, demonstrates the similar improvement of model accuracy with the growth of the size of the 
training data in all algorithms. Logistic Regression models had a small dataset accuracy of 72, medium dataset accuracy of 78 
and large dataset accuracy of 80. Likewise, the performance of Decision Tree increased to 75 percent, to 83 percent and 86 
percent. Random Forest recorded better improvements and rose by 80 to 88 and eventually achieved 92% gains. The largest 

gain was on the Deep Neural Network model that went up to 78% in the small dataset to 90% in the medium dataset and 
finally to 95% in the large dataset. These findings strongly suggest an increasing benefit of larger datasets to model 
performance; the extent of this improvement is however different across algorithms based on their complexity. 

Table 1: Model Accuracy Across Dataset Sizes 

Model Small Data 
(%) 

Medium Data (%) Large Data (%) Accuracy Gain 

Logistic Regression 72% 78% 80% +8% 

Decision Tree 75% 83% 86% +11% 
Random Forest 80% 88% 92% +12% 
Deep Neural 

Network 

78% 90% 95% +17% 

The interpretation of such results implies that even though all of the models are advantageous due to the availability of 
greater data, more complex models are much more sensitive to data size. Early saturation is observed with simple models like 
Logistic Regression, i.e. beyond a certain point, adding additional data no longer gives a significant boost. Conversely, more 
sophisticated models like Deep Neural Networks will still be able to draw meaningful patterns out of larger datasets, resulting 
in greater improvements in accuracy. It means that the data itself cannot be used to ensure better performance but rather, the 
capacity of the model to learn based on the data has a significant influence on the results. 

In order to explore the role played by the complexity of algorithms in greater detail, Table 2 shows the average accuracy of 
each model category over the sizes of the dataset. The findings indicate that simple models yield comparatively stable yet low 
enhancements, whereas complex models yield significant gains when presented with bigger datasets. The Logistic Regression 
increases slightly 72 to 80, which indicates that it has a low ability to estimate nonlinearities. Decision Trees and Random 
Forests show moderate improvements, suggesting that ensemble structures provide better adaptability to increased data. 
Nevertheless, Deep Neural Networks show the most significant improvement with the increase of 78 to 95 percent that 
demonstrates that deep neural networks can learn hierarchical representations with high scale data. 
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Table 2: Average Accuracy by Complexity Level 

Complexity Level Average Accuracy 

(Small) 

Average Accuracy 

(Large) 

Improvement Rate 

Low (Logistic Regression) 72% 80% +8% 
Medium (Decision Tree) 75% 86% +11% 

Medium-High (Random 
Forest) 

80% 92% +12% 

High (Deep Neural Network) 78% 95% +17% 

The findings of Table 2 have been interpreted to agree that the complexity of the algorithms is a major determinant of the 
efficiency with which training data is used. The results indicate that complexity is a mediating factor that defines how much 
the data improvements can be changed into accuracy gains. In the simple models, the capacity to learn is a constraint which 
causes the performance to early saturate. Complex models, conversely, are more representative; they have the ability to draw 
deeper patterns out of large datasets. It means that the role of the number of training data in determining the accuracy of the 
model is mediated by the complexity of the algorithm to some degree. 

The mediation effect is more apparent when one examines the change in performance with the size of the dataset. The 
accuracy difference between models in small datasets is quite small, with a range of 72 percent to 80 percent, meaning that 
small datasets limit the learning ability of all models, no matter how complex they are. But with the growing size of datasets, 
there is a significant increase in performance gaps. Complex models start to outperform simpler in medium sized datasets, 
and in large datasets, the difference between Deep Neural Networks and Logistic Regression becomes even greater. This 
tendency shows that the benefit of intricate algorithms is more pronounced when considerable data on training is present. 

Bias-variance tradeoff framework can also be used to interpret the observed results. Basic models like Logistic Regression 
have high bias and low variance i.e. they tend to make a lot of assumptions about the data and are not able to detect complex 
patterns. Conversely, high bias and high variance models like Deep Neural Networks are very flexible but also likely to overfit 
in the event that there is not enough data. But with increasing training data size, the variance decreases, and a more 
complicated model can generalize more and much more accurately. This is the reason why deep learning models demonstrate 
significant improvements in performance as the size of the datasets increases. 

In general, the results of the analysis indicate that the size of training data has a significant and reliable positive impact on 
model accuracy. Yet, this is not universal in all models, with the amount of improvement being highly dependent on the 

complexity of algorithms. Complex models are more favored by large datasets since they are more able to learn complex 
patterns as compared to simpler models, which hit performance limits sooner. Such scale-complexity interaction of data and 
algorithm shows that not only data or algorithm alone but their interaction determine model accuracy. 

In summary, the results suggest that the complexities of the algorithms are a mediating factor between the training data size 
and the model accuracy. Although the larger the data size, the better all the models perform, the size of the improvement is 
greatly affected by the complexity of the algorithm. Thus, machine learning works best with large datasets and suitable 
complex models that have the ability to utilize all the information present. 

Discussion 

The results of this research give solid support to the idea that the size of training data is an important factor in enhancing the 
accuracy of machine learning models, and that the complexity of the algorithms is a key mediator of this correlation. The 
findings also indicate clearly that all the models tested (Logistic Regression, Decision Tree, Random Forest, and Deep Neural 
Networks) will experience positive gains with larger training data, although the magnitude of these gains varies significantly 
with the complexity of the algorithm. Simple models saturate early, but the complex models do not, as they keep on 
improving with increased data available. This trend indicates that data in itself cannot be used to ensure optimum predictive 
behavior unless the model structure can be able to learn effectively through the data. 

The paper also demonstrates that the complexity of the algorithm is not one of the technical features but a crucial element 
that defines the efficiency of a model using the available training data. Deep Neural Networks and other complex models are 
highly dependent on the size of data as they show much greater improvement in accuracy as larger sample sizes are used. 
Conversely, simpler models have a restricted learning ability and level off even with new data being added. This is consistent 
with the theory of bias-variance tradeoff in which the simpler models have high bias and more sophisticated models have low 
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variance as the amount of data grows. Thus, the complexity of algorithms is a mediating factor, which determines the 
magnitude of the association of training data size and model accuracy. 

Besides, the findings point to a valuable implication of machine learning in real-world. Practical settings always tend to 

prioritize either the increment of the amount of data or the enhancement of model architecture; nonetheless, this paper 
proposes that the two aspects should be coordinated to obtain the best possible results. Big data without models that are 
complex enough can also result in underutilization of data whereas extremely complex models trained on a small amount of 
data can result in overfitting and bad generalization. Thus, the data-algorithms design interplay is essential in making AI 
systems reliable and scalable. On balance, the results aid in a better comprehension of machine learning systems learning and 
operation in different scenarios of information accessibility and complexity of the model. 

Conclusion 

This paper finds that the size of training data positively and significantly affects the accuracy of machine learning models, and 
the effect greatly depends on the complexity of the algorithm. Although adding data enhances predictive accuracy of all 
models, the extent to which this is achieved is determined by how much the model is capable of learning complex patterns. 
DNNs are most improved with very large datasets, and simple models like Logistic Regression have minor improvements. 
Thus, the complexity of algorithms serves as a partial mediator between the size of training data and model accuracy to 

influence the effectiveness of converting data into predictive performance. 

The study also concludes that optimal machine learning performance is achieved when there is a balance between data 
availability and model complexity. All factors are not enough on their own to maximize accuracy but rather the interplay of 
the factors determines the ultimate outcome. These results support the significance of choosing the right model architectures 
depending on the size of the dataset and the complexity of the problem, especially in the practical world, where the efficiency 
of computations and accuracy have to be balanced. 

Recommendations 

Considering the results of this research, it is advisable that machine learning practitioners focus on ensuring that the size of 
training data and complexity of the algorithm are balanced when creating predictive models. In small datasets, simpler 

models like Logistic Regression or Decision Trees can be better suited since they have reduced chances of overfitting and are 
more computational. Nevertheless, more complicated models should be considered in medium to large datasets like Random 
Forests and Deep Neural Networks, which are more appropriate to identify complex patterns and correlations in data. 

It is also suggested that organizations should invest in data collection and the development of the model at the same time as 
opposed to only focusing on one aspect. Growing datasets without correspondingly increasing model complexity can cause 
poor results, and overspecialized models trained on limited data can cause inefficiency and poor generalization. As such, a 
moderate course of action is needed in order to have the best outcomes. 

In addition, it is suggested that future studies consider other moderating variables like data quality, feature engineering and 
computational resources, since they can further contribute to the relationship between model accuracy and the training data 
size. Experimental validation of the results on industry data should also be considered by researchers to enhance the 
generalizability of the results. In general, the combination of data, algorithm design and computational strategy is a holistic 
approach that would contribute to the development of machine learning performance in real-world applications. 
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