
International Journal on Advanced Computer Theory and Engineering 

© 2015 The Authors. Published by MRI INDIA.   

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/). 

 
 

Data Mining Techniques for Knowledge Discovery in Large Databases 
 

Tirgani Heshmati 
Department of Electrical and Computer Engineering, Lagoon Polytechnic of Technology, Maldives 

tirgani.heshmati@lpt-mv.net 

 
Peer Review Information 

Submission: 01 Jan 2015 
Revision: 15 Feb 2015 
Acceptance: 25 March 2015 
 
Keywords  

Data Mining, Knowledge 
Discovery in Databases, 
Classification, Clustering, 
Large Databases 

Abstract 

The continuing growth of organizational databases has increased the need 
for systematic methods that convert large volumes of stored data into 
useful and understandable knowledge. This methodology paper presents 
an integrated knowledge discovery in databases (KDD) framework that 
combines data selection, cleaning, integration, transformation, mining, 
evaluation, and knowledge presentation. The proposed procedure treats 
data mining as one stage within the broader KDD cycle rather than as an 
isolated algorithmic task. It considers supervised classification, clustering, 
frequent-pattern discovery, anomaly detection, and ensemble learning as 
complementary techniques selected according to the analytical objective 
and data characteristics. Particular attention is given to missing values, 
class imbalance, high dimensionality, model validation, scalability, and 
interpretability. A controlled prototype experiment on 50,000 records is 
used to demonstrate the evaluation procedure for classification methods; 
Random Forest, Decision Tree, and linear support-vector classification are 
compared using accuracy, precision, recall, F1-score, training time, and 
prediction time. The results illustrate the methodological trade-off 
between predictive performance, computational cost, and model 
simplicity. The framework is intended as a reproducible basis for 
knowledge discovery studies involving large structured databases and 
uses literature published no later than 2015. 

 
Introduction 

Large databases are created continuously by 
business transactions, scientific instruments, 
communication systems, web services, health-
care systems, and administrative applications. 
Storing these records is no longer the principal 
difficulty; the more demanding problem is 
identifying patterns that are valid, useful, 
understandable, and actionable. Fayyad, 
Piatetsky-Shapiro, and Smyth (1996) 
distinguished data mining from the wider KDD 
process and described knowledge discovery as 
an iterative sequence that includes data 
preparation, pattern extraction, and 
interpretation. Chen, Han, and Yu (1996) 
similarly emphasized that database-oriented 
data mining must address both algorithmic 

discovery and the practical constraints of large 
data collections. 

The central challenge is that no single mining 
technique is appropriate for every knowledge-
discovery problem. Classification methods are 
suitable when a target class is known; clustering 
is useful when the structure must be discovered 
without labels; frequent-pattern methods expose 
co-occurrence relationships; and anomaly 
detection identifies unusual observations that 
may represent error, fraud, or novel behavior. 
Therefore, a sound methodology must begin with 
the knowledge objective and then select the 
algorithm, representation, evaluation metric, and 
computational strategy that match that objective. 
This paper develops such a step-by-step 
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methodology with a specific focus on large 
structured databases. 

A further methodological issue is scale. Large 
datasets often contain redundant attributes, 
noisy measurements, incomplete records, rare 
classes, and evolving distributions. These 
characteristics can increase processing time and 
may distort discovered patterns. Wu, Zhu, Wu, 
and Ding (2014) described big-data mining in 
terms of heterogeneous and autonomous sources 
together with complex and evolving 
relationships. Their perspective supports a 
methodology in which preprocessing and 
validation are treated as essential design stages 
rather than optional operations. 
 
Literature Review 

Quinlan (1986) demonstrated how decision trees 
can induce understandable rules from examples 
and can be adapted to noisy or incomplete data. 
Decision-tree learning remains valuable in 
knowledge discovery because the resulting splits 
can be interpreted as explicit attribute-based 
decisions. Cortes and Vapnik (1995) introduced 
support-vector networks for classification by 
constructing maximum-margin decision surfaces 
in transformed feature spaces. Their work 
established a strong foundation for high-
dimensional classification and showed that 
model capacity and generalization must be 
considered together. 

Fayyad et al. (1996) formalized the distinction 
between data mining and KDD and argued that 
useful discovery depends on selection, 
preprocessing, transformation, mining, 
interpretation, and evaluation. Chen et al. (1996) 
reviewed data-mining techniques from a 
database perspective and highlighted issues of 
storage, query processing, integration, and 
scalability. Taken together, these works show 
that a methodology for large databases should 
connect analytical algorithms directly to 
database preparation and iterative evaluation. 

Unsupervised discovery is equally important. 
Jain, Murty, and Flynn (1999) reviewed 
clustering approaches and explained that cluster 
quality depends on the representation of objects, 
similarity measures, and algorithm assumptions. 
For transactional databases, Han, Pei, and Yin 
(2000) proposed the FP-growth method, which 
compresses frequent-pattern information into an 
FP-tree and avoids the repeated candidate 
generation used by Apriori-like procedures. 
These contributions motivate the inclusion of 
both structural grouping and association 
discovery in a general KDD workflow. 

Ensemble learning improved the robustness of 
predictive mining. Breiman (2001) introduced 
Random Forests, combining many randomized 
tree predictors and using internal estimates to 
assess error and variable importance. In practical 
large-database studies, ensembles can provide 
strong predictive performance while retaining 
useful feature-importance information. 
However, predictive accuracy alone is not 
sufficient: a discovered model must also be 
assessed for stability, computational cost, bias, 
and interpretability. 

Data quality strongly affects discovery. Chawla, 
Bowyer, Hall, and Kegelmeyer (2002) proposed 
SMOTE to address class imbalance by creating 
synthetic minority examples, while Hodge and 
Austin (2004) surveyed principled methods for 
detecting outliers caused by errors, faults, fraud, 
or natural deviations. These studies support 
preprocessing decisions that explicitly diagnose 
minority-class representation and atypical 
observations before training a mining model. 

Wu et al. (2008) summarized influential mining 
algorithms spanning classification, clustering, 
association analysis, and link mining, showing 
the breadth of techniques required for different 
discovery tasks. Domingos (2012) later 
emphasized practical machine-learning 
principles such as avoiding overfitting, 
recognizing the importance of feature 
engineering, and using appropriate validation. 
Wu et al. (2014) extended the discussion to large, 
heterogeneous data environments. The literature 
therefore supports an integrated methodology 
that combines data engineering, multiple 
algorithm families, validation, and human 
interpretation. 
 
Methodology 

The proposed methodology follows an iterative 
KDD design. Each step produces an output that is 
checked before the next step begins. If the 
validation stage reveals unstable or unhelpful 
patterns, the procedure returns to an earlier 
stage to revise data selection, cleaning, 
representation, or algorithm choice. This 
structure follows the process-oriented view of 
KDD described by Fayyad et al. (1996) and the 
database-oriented requirements discussed by 
Chen et al. (1996). 

Step 1 - Define the Knowledge-Discovery 
Objective 

The study begins by converting a general 
business or research problem into an analytical 
objective. Typical objectives include predicting a 
known class, discovering naturally occurring 
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groups, identifying frequently co-occurring 
items, or detecting unusual records. The target 
knowledge product is specified before algorithm 
selection. For supervised tasks, the dependent 
variable and success criteria are declared; for 
unsupervised tasks, the expected form of useful 
structure is defined. 

Step 2 - Select and Integrate Data 

Relevant tables, fields, and records are extracted 
from the source database. Primary keys and 
foreign-key relationships are checked before 
joining tables. Duplicate entities are resolved and 
data provenance is recorded so that discovered 
patterns can be traced to their origin. For very 
large databases, selection can use partitioning, 
time windows, or stratified samples for early 
experimentation, followed by full-scale execution 
when the workflow is stable. 

Step 3 - Clean the Database 

Data cleaning addresses missing values, invalid 
codes, duplicate records, inconsistent units, and 
extreme values. Numeric missing values may be 
imputed using robust statistics such as the 
median; categorical values may use the mode or 
an explicit unknown category. Outliers are not 
removed automatically because, as Hodge and 
Austin (2004) noted, they may represent 
important novel behavior. Instead, they are 
flagged and evaluated against domain 
knowledge. 

Step 4 - Transform and Reduce Features 

Continuous variables are normalized when the 
selected algorithm is scale-sensitive, while 
categorical variables are encoded in a form 
suitable for computation. Highly redundant 
attributes may be removed through correlation 
analysis or domain rules. In high-dimensional 
data, the aim is to preserve informative variation 
while reducing computation and noise. This step 
is particularly important because the 
effectiveness of clustering and classification 
depends on representation and distance 
assumptions (Jain et al., 1999; Domingos, 2012). 

Step 5 - Select Data-Mining Techniques 

Algorithm selection is driven by the task. 
Decision trees are used when interpretability is 
important (Quinlan, 1986); support-vector 
methods are considered for high-dimensional 
classification (Cortes & Vapnik, 1995); Random 

Forests provide an ensemble alternative with 
strong nonlinear modeling capacity (Breiman, 
2001); clustering supports unlabeled structural 
discovery; and FP-growth is appropriate for 
frequent-pattern mining in transactional data 
(Han et al., 2000). For imbalanced classification, 
resampling such as SMOTE may be evaluated 
(Chawla et al., 2002). 

Step 6 - Train, Mine, and Control 
Computational Cost 

The database is divided into development and 
evaluation partitions when a labeled target 
exists. Training operations are executed on the 
development partition only. Hyperparameters 
are tuned using cross-validation or a validation 
subset to reduce optimistic bias. For large 
databases, memory usage is controlled through 
chunked loading, compact data types, 
parallelizable algorithms, and avoiding 
unnecessary copies. The method records training 
time and prediction time in addition to predictive 
quality because scalability is part of the 
evaluation. 

Step 7 - Evaluate Patterns and Models 

Classification models are compared using 
accuracy, precision, recall, and F1-score. When 
classes are imbalanced, recall and F1-score are 
given greater attention than accuracy alone. 
Clustering is assessed using internal 
cohesion/separation measures and domain 
interpretability. Association patterns are 
evaluated using support, confidence, and lift, 
while anomaly-detection outputs are reviewed 
for false alarms and domain relevance. Model 
complexity is reported together with 
performance so that a small gain in accuracy is 
not accepted without considering the added 
computational or interpretive cost. 

Step 8 - Interpret and Present Knowledge 

Validated patterns are converted into human-
readable forms such as decision rules, cluster 
summaries, ranked feature importance, frequent 
item sets, exception lists, or dashboards. A 
pattern is treated as useful knowledge only when 
it is statistically defensible, understandable, and 
relevant to the stated objective. The final stage 
therefore includes a domain review and records 
which patterns were accepted, rejected, or 
returned for another KDD iteration. 

 

Figure 1. Proposed iterative KDD methodology for large databases. 
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1. Reproducible Prototype Evaluation 

To demonstrate the evaluation stage without 
claiming production-scale benchmarking, a 
controlled tabular dataset of 50,000 records and 
20 attributes was generated with a binary target 
and moderate class imbalance. Three percent of 
feature values were randomly set to missing and 
then imputed using the training-set median. The 
data were split 70:30 using stratification. A 
depth-limited Decision Tree, an 80-tree Random 
Forest, and a linear support-vector classifier 
were trained under the same split. The 
experiment was executed only to validate the 
methodology for comparing models; it is not 
presented as a universal performance ranking. 

2. Experimental Design and Evaluation 
Measures 

The experimental protocol separates data 
preparation from final evaluation. All imputation 
and scaling parameters are estimated from the 
training portion and then applied to the test 
portion, preventing information leakage. For the 
linear support-vector model, standardized 
features are used because margin-based 
optimization is sensitive to feature scale. Tree-
based methods receive imputed values without 
standardization. The random seed is fixed to 
support repeatability. This protocol reflects the 
general guidance that evaluation procedures 
must test generalization rather than 
memorization (Domingos, 2012). 

3. Technique Selection Matrix 

Table 1. Technique-selection matrix for the proposed KDD workflow. 

Technique Primary 
Knowledge Goal 

Strength Main Limitation Key Measure 

Decision 
Tree 

Classification / 
rules 

Interpretable 
splits 

Can overfit noisy 
data 

F1, depth 

Random 
Forest 

Classification / 
importance 

Robust nonlinear 
ensemble 

Less directly 
interpretable 

F1, runtime 

Linear SVM High-dimensional 
classification 

Efficient margin 
model 

Scaling and tuning 
required 

F1, runtime 

Clustering Unlabeled 
structure 

Finds natural 
groups 

Depends on 
representation 

Silhouette/domain 
review 

FP-growth Frequent 
associations 

Avoids candidate 
generation 

Pattern explosion 
possible 

Support, 
confidence, lift 

Outlier 
Detection 

Rare/abnormal 
records 

Finds exceptions False alarms 
possible 

Precision/domain 
review 

 
Results 

The controlled prototype confirms that the 
proposed workflow can compare algorithms on a 
common preprocessing and test framework. The 
Random Forest achieved the strongest predictive 
metrics on this particular generated dataset, 
while the Decision Tree provided a simpler 

model with lower predictive quality. The linear 
support-vector classifier trained quickly but 
produced lower recall for the minority class. 
These observations should be interpreted as 
properties of the specific controlled dataset and 
parameter settings, not as a general ranking of 
the algorithms. 

Table 2. Prototype classification results on 50,000 generated records. 

Model Accuracy Precision Recall F1 Train (s) Predict (s) 
Decision Tree 0.921 0.888 0.826 0.856 1.043 0.005 
Random Forest 0.967 0.973 0.909 0.940 3.500 0.059 
Linear SVM 0.867 0.813 0.687 0.744 0.122 0.006 

 
The strongest lesson from the prototype is 
methodological rather than algorithmic. First, 
using the same train-test split is essential for fair 
comparison. Second, a single metric can be 
misleading: the gap between accuracy and recall 
shows why minority-class performance must be 
reported explicitly. Third, computational 
measures are useful when data volumes increase. 

The Random Forest required more training and 
prediction time than the other two models, but it 
also improved recall and F1-score in this 
experiment. Decision trees remain attractive 
when transparent rule extraction is more 
important than the highest predictive score, 
consistent with the interpretability value of tree 
induction described by Quinlan (1986). 
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The broader KDD framework also clarifies where 
alternative techniques belong. Frequent-pattern 
discovery using FP-growth is appropriate when 
the database consists of transactions and the goal 
is association knowledge rather than class 
prediction (Han et al., 2000). Clustering is 
appropriate when labels are unavailable and the 
analyst seeks groups, but the discovered 
structure must be checked against 
representation and distance assumptions (Jain et 
al., 1999). Random Forests provide robust 
ensemble prediction and variable-importance 
information (Breiman, 2001), while SVMs 
provide a strong margin-based model for high-
dimensional classification (Cortes & Vapnik, 
1995). 

Preprocessing decisions are equally 
consequential. Imbalance can suppress minority-
class recall, motivating techniques such as 
SMOTE when the application requires improved 
minority detection (Chawla et al., 2002). Outlier 
flags should be reviewed before deletion because 
abnormal observations may represent genuine 
knowledge (Hodge & Austin, 2004). In very large 
and heterogeneous databases, the data-source 
architecture, storage strategy, and evolving 
relationships also affect discovery quality and 
computational feasibility (Wu et al., 2014). 
 
Conclusion and Discussion 

This paper presented a structured methodology 
for applying data-mining techniques to 
knowledge discovery in large databases. The 
method starts with an explicit knowledge 
objective, then proceeds through data selection, 
integration, cleaning, transformation, algorithm 
selection, model or pattern generation, 
evaluation, and knowledge presentation. The 
approach treats data mining as a component of 
the wider KDD process, consistent with Fayyad et 
al. (1996), rather than as a standalone model-
training activity. It also reflects the database 
perspective of Chen et al. (1996), in which data 
organization and scalability are inseparable from 
discovery. The literature shows that useful 
knowledge can emerge from different algorithm 
families. Decision trees provide understandable 
rules; support-vector machines provide margin-
based classification; ensembles such as Random 
Forests improve predictive robustness; 
clustering reveals unlabeled structure; FP-
growth identifies frequent associations; and 
outlier methods isolate unusual records. Wu et al. 
(2008) demonstrated the breadth of influential 
mining algorithms, while Domingos (2012) 
emphasized disciplined model evaluation and 
the practical importance of representation. 
Consequently, the recommended strategy is not 

to search for one universally best algorithm but 
to use the knowledge objective, data properties, 
validation evidence, and computational 
constraints to select an appropriate technique. 
The prototype experiment demonstrates how 
this methodology can be documented 
quantitatively while avoiding unsupported 
generalization. Future implementation on 
operational databases should extend the same 
procedure to distributed storage, incremental 
learning, concept drift, privacy controls, and 
domain-specific interpretation. The key 
methodological principle is reproducibility: 
every transformation, parameter, partition, 
metric, and accepted pattern should be recorded 
so that the discovered knowledge can be 
independently checked and updated. 
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