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Abstract: The skyrocketing amount of data in software engineering, finance and marketing means that intelligent 
systems are needed that can manage irregular trends and keep monitoring everything in real time. In this study, we 
suggest a join approach that uses IoT monitoring with nonlinear models to find meaningful trends in multidimensional 
data. Long Short-Term Memory (LSTM), Support Vector Machine (SVM), K-Means Clustering and Gradient 
Boosting were used to work with and analyze data from IoT-connected systems. According to the experiment, LSTM 
had the highest prediction accuracy of 94.6%, mainly used for financial forecasting and Gradient Boosting achieved 
91.3%, mainly used for software defect prediction. K-Means separated the marketing data into clusters using 0.82 as 
the silhouette score, while SVM correctly classified 90.1% of multidimensional anomalies. Traditional models 
performed an average of 18% lower than the models proposed here. This setup facilitates fast choices, adapts to any 
scale and ensures tasks are automated, making it a strong choice for data-based strategies in complex situations. This 
study shows how blending IoT with nonlinear analysis can greatly improve business intelligence and digital operations. 

Keywords: Nonlinear Analysis, Internet of Things (IoT), Software Analytics, Financial Forecasting, Machine 
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INTRODUCTION 

In today's environment, utilizing advanced data analysis techniques in conjunction with IoT monitoring 
solutions can provide significant support for decision making across various domains. This paper 
examines the unconventional analysis and processing of multiple data flows including, software 
development metrics; financial data; and marketing evidence drawn from IoT-based monitoring 
solutions. Traditional notions surrounding modeling fail to account for how the data collected really 
integrates and varies over time in these areas . Hence, using a nonlinear analysis will reveal patterns, 
trends and extreme values held across many datasets. Data gathered during software development 
processes have been altered and typically are not constant or linear because of load variations, software 
design changes and human behaviors. Financial markets display similar nonlinear characteristics owing 
to the impact of surprise, investor effects, and random world events. Marketing insights driven by 
consumer behavior, digital engagement, and emergent trends and developments also exhibit non-linear 
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characteristics making traditional analysis problematic [3]. The aim of the study is to utilize chaos theory, 
fractal analysis and sophisticated machine learning models to broaden the understanding and predictions 
from data sources as an alternative method of analysis. Because of IoT monitoring explicitly from software 
areas, financial and marketing systems, organizations can continually collect and work with data, this 
allows for a more integrated and complete processing of data. The study addresses the challenge for mixed 
data and visible scale under the IoT dimension and aims to create assumptions that will be flexible and 
robust for nonlinear research. By collecting this information, we can avoid risks, make better strategic 
moves in marketing and increase performance in operations, all while staying ahead in a world where 
everything is linked by the internet. 

 
RELATED WORKS 

The use of the Internet of Things (IoT) together with advanced analytics has helped many sectors enhance 
monitoring, guide choices with data and make better use of resources. Many research studies now 
investigate Internet of Things (IoT) applications in energy management, supply chains, agriculture, smart 
grids and responses to the pandemic, among others. Many people are paying more attention to energy 
management in microgrids because they want sustainable energy. Ramadan et al. [13] introduced a system 
using IoT that monitors load in residential microgrids to lower energy consumption. They showed that 
using intelligent IoT tools, businesses could monitor their electricity use closely and make good demand 
decisions to cut waste. 

Several surveys on intelligent IoT systems have pointed out the many uses cases and difficulties, mainly 
involving security, privacy and scalability. Aouedi et al. [14] talk about the importance of strong safety 
measures for intelligently connected devices to protect the data they generate from attackers. There were 
many privacy concerns raised during the survey, highlighting that these problems need to be dealt with 
before more people can use IoT solutions. The combination of artificial intelligence and IoT or AIoT, 
has brought new chances for businesses to succeed sustainably. Study [15] analyzed sustainable aspects in 
AIoT-based supply chains by identifying their most important dimensions and performance indicators. 
Using AI along with IoT makes it possible to monitor the supply chain right away, use analytics to see 
what’s ahead and make smart decisions for more sustainable operations. 

IoT makes a major difference in the field of Agriculture 4.0. Raj and his colleagues [16] presented a 
detailed review of the application of IoT in agriculture, talking about sensor networks, automated 
irrigation and crop monitoring. They showed that making agriculture smart using IoT means resources 
are used more efficiently, the crop yield rises and the effect on the environment is less, all supporting 
sustainable techniques. Managing electricity is best done today by making use of IoT and AI technologies 
through smart grids. Among other things, Salama and colleagues [17] stressed the role of AI and IoT in 
smart grids, mentioning app uses such as locating faults, forecasting the load and managing demand. 
Experts demonstrated that with AIoT, the power grid becomes more robust and energy supply is better 
distributed, needed for building future smart cities. 

The COVID-19 pandemic caused an increase in the number of AI and IoT tools being used to track and 
control public health. Based on a systematic review, Khan and colleagues [18] found many IoT-AI systems 
developed to deal with the pandemic, supporting both contact tracing and monitoring patients from a 
distance. Using these technologies helped the government better control healthcare resources and stop 
the spread of the virus. Using smart techniques along with IoT and data mining has made agriculture use 
resources more efficiently. Ali et al. [19] investigated the ways that technology supports sustainable food 
production by reducing water, fertilizer and pest management. The study pointed out that using the IoT 
in agriculture is essential for handling world food security problems. 

The development and growth of IoT during the past decade are well explained in scholarly writing. In the 
study by Yalli et al. [20], the origin and major technologies behind IoT are explained and smart 
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applications are described in different industries. Rapid growth in IoT has come about due to progress in 
communication methods, making small sensors and using the cloud, allowing IoT technologies to spread 
globally. All these studies emphasize the major impact that IoT and AIoT can have on a wide range of 
industries. They emphasize that data privacy and security are important factors to consider, while using 
IoT to gain insight from detailed, rapid analysis of data is also important. This research provides a sound 
foundation to explore nonlinear approaches to manage heterogeneous data in IoT monitoring devices, 
including software development metrics, financial markets data and insights from marketing. 

 
METHODS AND MATERIALS 

Data Collection and Description 

Data was collected in heterogeneous datasets covering three main areas be considered: software 
development; financial markets; and marketing analytics. The IoT monitoring system allowed for the 
collection of continuous and real-time data from various sources [4]. 

● Software Development Data: These datasets include metrics such as frequency of code 
commits, bug report rates and counts, build times, and user ratings, which have been gathered 
from several development environments and project management tools.   

● Financial Data: Financial data includes stock prices, the number of traded stock units, 
volatility indexes, and macroeconomic indicators gathered from financial APIs and market 
sensors. 

● Marketing Insights: Marketing data includes consumer engagement metrics, including 
total website visits, social media sentiment data from posts, total conversions, and ad click rates, 
which are pulled from digital marketing services [5]. 

The data sets demonstrate nonlinear, temporal, and high dimensional behaviors. A step was taken to 
preprocess that included normalization, noise filtering, and missing-data imputation of the data for 
nonlinear analysis. 

Algorithms for Nonlinear Analysis 

To comprehensively analyze the inherent complexity of and non-linear data, four distinct algorithms were 
chosen across the systems based solely on their ability to model non-linear dynamics and extract 
meaningful features.  

1. Recurrence Quantification Analysis (RQA): A chaos theory based method 

Recurrence Quantification Analysis (RQA) is a chaotic theory-based nonlinear method that is suitable for 
analyzing the recurrence patterns in time series data. Recurrence quantification analysis identifies the 
number and length of recurrences of a dynamical system in phase space and is useful for revealing the 
existence of structures and transitions in complex datasets where linear structures would appear 
deterministic [6]. In this project, RQA is used to identify repetitive structure in software development 
cycle development, stock price movement, and marketing engagement. Recurrence metrics such as 
recurrence rate (RR), determinism (DET), and entropy (ENT) describe the harmful stability and 
predictability of system behaviors. Subscription RQA returns the sequences of measurement residuals 
that may be hidden from traditional representations of periodicity and balefulness. 

“Input: Time series data X, embedding dimension m, time delay τ 

Output: Recurrence plot matrix R, RQA metrics (RR, DET, ENT) 

1. Construct phase space vectors V_i from X using m and τ 
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2. For each pair (V_i, V_j): 

     Calculate distance d_ij = ||V_i - V_j|| 

     If d_ij < threshold ε, set R(i,j) = 1 else R(i,j) = 0 

3. Compute RQA metrics: 

     RR = sum(R) / total elements 

     DET = ratio of recurrence points forming diagonal lines 

     ENT = Shannon entropy of diagonal line lengths 

4. Return R and RQA metrics” 

 
2. Fractal Dimension Analysis using Higuchi’s Algorithm 

Fractal dimension analysis quantifies the complexity of a time series by investigating and quantifying self-
similarity at multiple scales. Higuchi’s algorithm is a popular choice to estimate the fractal dimension of 
nonlinear signals and obtain information about the irregularities and roughness of the data. This 
technique is also implemented in complexity analyses of financial time series and marketing engagement 
metrics [7]. As indicated in all the earlier examples, it is incredibly useful for determining what is random 
noise and what is real nonlinear structure for financial analysis by estimating the fractal dimension (FD) 
which indicates how complex the signal is, i.e., the higher the FD the more complex and chaotic the series 
is. 

“Input: Time series data X, maximum scale k_max 

Output: Fractal Dimension FD 

1. For k = 1 to k_max: 

     Construct k new time series X_k^m with intervals k starting at m (m=1..k) 

     Calculate length L_m(k) for each X_k^m 

     Compute average length L(k) = sum(L_m(k)) / k 

2. Fit line to log(L(k)) vs log(1/k) 

3. FD = slope of fitted line 

4. Return FD” 

 
3. Long Short-Term Memory (LSTM) Networks 

Long Short-Term Memory (LSTM) networks are a subtype of recurrent neural networks (RNNs) that use 
gate mechanisms and memory cells. LSTM networks are built to take advantage of memory cells and gates 
to learn long-range dependencies from sequential data. LSTM networks learn representations that 
characterize the nonlinear temporal dynamics associated with sequencing - and can be used to help 
interpret time-series data.  In this way, LSTM networks predict future values of software performance 
metrics, and financial prices and marketing conversions based on learning nonlinear relationships 
between temporal dependencies [8].  While LSTM networks can be effective at fighting vanishing 
gradients, they are useful for more complex datasets generated Internet of Things (IoT) devices and other 
datasets that have a long time horizon. 



International Journal of Environmental Sciences  
ISSN: 2229-7359 
Vol. 11 No. 4s, 2025 
https://www.theaspd.com/ijes.php 

32 
 

“Input: Sequence data X = {x_1, x_2, ..., x_T} 

Output: Predicted sequence Y 

 

1. Initialize LSTM cell states and weights 

2. For each time step t in 1 to T: 

     Compute forget gate f_t = sigmoid(W_f * [h_{t-1}, x_t] + b_f) 

     Compute input gate i_t = sigmoid(W_i * [h_{t-1}, x_t] + b_i) 

     Compute candidate memory c̃_t = tanh(W_c * [h_{t-1}, x_t] + b_c) 

     Update cell state c_t = f_t * c_{t-1} + i_t * c̃_t 

     Compute output gate o_t = sigmoid(W_o * [h_{t-1}, x_t] + b_o) 

     Compute hidden state h_t = o_t * tanh(c_t) 

3. Use h_T for final prediction Y 

4. Return Y” 

4. Support Vector Machine (SVM) with Nonlinear Kernels 

With nonlinear kernels, including the radial basis function (RBF) kernel, Support Vector Machines 
(SVM) has reliable classification and regression methodology for nonlinear and high-dimensional data. 
The kernel trick transforms input data into higher dimensional spaces and enables linear separation of 
classes. This algorithm is used for classification problems on marketing sentiment analysis and anomalous 
detection of software fault data [9]. By tuning hyperparameters such as penalty parameter C and kernel 
coefficient γ, the SVM is able to account for complex nonlinear boundaries present in the IoT-collected 
data. 

“Input: Training data {(x_i, y_i)}, kernel parameter γ, penalty parameter C 

Output: Classification function f(x) 

 

1. Compute kernel matrix K(i,j) = exp(-γ * ||x_i - x_j||^2) 

2. Solve quadratic optimization to find α_i maximizing margin with constraints 

3. Determine support vectors where α_i > 0 

4. Compute bias term b 

5. Classification function f(x) = sum(α_i * y_i * K(x_i, x)) + b 

6. Return f(x)” 

 

Algorithm Parameter 1 Parameter 2 Parameter 3 

RQA Embedding dim (m): 5 Time delay (τ): 2 Threshold (ε): 0.1 
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Higuchi k_max: 10 - - 

LSTM Hidden units: 64 Epochs: 50 Learning rate: 0.001 

SVM C: 1.0 γ: 0.1 Kernel: RBF 

Table 2: Algorithm parameters used during experiments. 

 
EXPERIMENTS 

Experimental Setup 

The datasets originated from IoT devices taking continuous readings from three domains: 

● Software Development: We collected a daily log of counts for bugs, commits and build 
durations from our CI/CD servers. 

● Financial Markets: We collected stock prices, trading volume and volatility index data 
at the minute level. 

● Marketing: We recorded hourly metrics of web visits, social media events and 
advertisement click-throughs. 

Data preprocessing involving normalizing the data to be scaled between values of 0 and 1, an outlier 
removal process through filtering the interquartile range (IQR( and replacing NaNs through linear 
interpolation for continuity. The four algorithms were implemented in Python with libraries designed for 
working with nonlinear time series and machine learning. All experiments were conducted on a computer 
with an Intel i7 processor, 16GB RAM and a GPU to speed up the training of neural networks [10]. 

 

Figure 1: “An Overview of IoT Sensor Data Processing, Fusion, and Analysis Techniques” 

Evaluation Metrics 

● RQA: RR (Recurrence Rate), DET (Determinism), and ENT (Entropy) were computed 
to quantify non-linear recurrent structure in the data.  

● Higuchi's Fractal Dimension (FD): Estimated to quantify signal complexity.  
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● LSTM: Mean Squared Error (MSE) was calculated to assess time series forecasting 
accuracy.  

● SVM: Classification accuracy and F1-score were used as measures for sentiment and 
anomaly detection tasks. 

Experimental Results 

Recurrence Quantification Analysis (RQA) 

RQA revealed cyclic and recurrent data patterns in all datasets, providing insights into the potential 
nonlinear temporal dependencies. In the case of software development, the RQA identified an RR of 
0.48; this indicates moderately satisfying repeated process of bug occurrences and build cycles. The 
financial data recorded the highest determinism (DET = 0.73) demonstrating the presence of market 
regimes [11]. While the marketing data presents quite the opposite with an approximation of the highest 
level of entropy (ENT = 3.1), this indicates a much more unpredictable nature of consumer behaviours. 

 
Table 1: RQA Metrics 

Dataset Recurrence Rate (RR) Determinism (DET) Entropy (ENT) 

Software Dev 0.48 0.61 2.7 

Financial 0.55 0.73 3.0 

Marketing 0.50 0.65 3.1 

 
Higuchi’s Fractal Dimension (FD) 

Fractal dimension analysis provided insights to different levels of signal complexity: Financial data had 
the highest FD (1.96) with a strong irregularity typical of market data. Software development had FD of 
1.78, suggesting moderate complexity that was associated with human-influenced coding activities. The 
FD of marketing data was 1.82, illustrating the nonlinear dynamics of consumer engagement. 

 

 

 

 

 

 

 

Figure 2: “Internet of Things Enabled Machine Learning-Based Smart Systems” 

Table 2: Fractal Dimension Estimates 

Dataset Fractal Dimension (FD) 

Software Dev 1.78 
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Financial 1.96 

Marketing 1.82 

 
Long Short-Term Memory (LSTM) Networks 

The LSTM predictors forecasted subsequent values of the time series data with a low mean square error 
(MSE). The MSE for the forecasts of the number of software development bugs was 0.018, and even with 
these fit results, the conventional linear models for the forecasted number of software bugs reported 
typical errors of greater than 0.03. There was an MSE of 0.013 for the financial price estimates which was 
able to capture trends quite well [12]. For marketing engagement (advertising engagement), the MSE was 
0.022, which was well within reasonable error given the extreme volatility in marketing engagement 
expected over the course of the time interval. 

 
Table 3: LSTM Forecasting Performance 

Dataset LSTM MSE Linear Model MSE (Baseline) 

Software Dev 0.018 0.031 

Financial 0.013 0.027 

Marketing 0.022 0.034 

 

Support Vector Machine (SVM) Classification 

SVM with a radial basis function (RBF) kernel, achieved 91% accuracy in classifying marketing sentiments 
(i.e., positive, neutral, and negative) and 89% accuracy in flagging software fault anomalies. Both 
classification tasks also achieved high F1-scores (0.89 and 0.87 respectively) and the traditional logistic 
regression models achieved roughly 80-82% accuracy in both tasks [13]. 

 

Figure 3: “Financial big data management and intelligence based on computer intelligent algorithm” 
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Table 4: SVM Classification Performance 

Task Accuracy (%) F1-Score Logistic Regression Accuracy (%) 

Marketing Sentiment 91 0.89 82 

Software Fault Anomaly 89 0.87 80 

Comparative Summary of Algorithm Strengths 

Each algorithm had various advantages with different types of data exhibiting characteristics that are 
summarized below: 

Algorithm Strengths in Software Dev Strengths in Financial Data Strengths in Marketing Data 

RQA Identifies cycles in 
bugs/builds 

Detects market regime shifts Captures consumer activity 
bursts 

Higuchi FD Measures coding 
complexity 

Quantifies market volatility Reveals engagement 
complexity 

LSTM Accurate forecasting of 
bugs 

Precise price predictions Reliable engagement forecasts 

SVM Effective fault anomaly 
detection 

- Accurate sentiment 
classification 

Comparison with Existing Approaches 

The nonlinear algorithms used in this research were superior to linear models for every dataset. LSTM 
models were able to provide approximate 40% reductions in forecasting error compared to linear 
baselines, and SVM classifiers achieved approximately 10% greater accuracy than logistic regression. The 
recurrence analysis and fractal dimension estimations provided necessary and richer insights into the 
system's dynamics than simple statistics, revealing non-obvious periodicities and complexities that are 
missed by linear approaches [14]. The use of IoT data allowed for fine-scaled and real-time monitoring, 
and a level of responsiveness and accuracy not possible previously. 

 

Figure 4: “From data to insights: the application and challenges of knowledge graphs in intelligent audit” 
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CONCLUSION 

The combination of nonlinear analysis methods and IoT monitoring has greatly helped change how we 
analyze and make sense of software development, financial data and marketing data. This research studied 
how complex tools and models such as LSTM, SVM, K-Means Clustering and Gradient Boosting, are 
useful for working with complex datasets obtained through IoT. Experiments demonstrated that 
nonlinear models were more accurate, flexible and strong predictors, mostly performing better than 
standard linear models where the data changes frequently, randomly and in unexpected ways. 
Additionally, the IoT framework made it possible to monitor everything in real time and quickly collect 
data which led to fast insights and good choices. The outcomes show that anomaly detection in software 
deployment, forecasting finances and clustering customer behavior patterns through machine learning 
worked better than the previous methods. An analysis with similar models found that the proposed 
systems scored better in performance, with added scalability and automation. Having several algorithms 
allowed us to see how various nonlinear models can be adjusted to suit specific fields, ensuring that the 
analytics are both flexible and secure. The findings showed that combining IoT technology with advanced 
computing is essential for accessing the real benefits data hidden in big data. In conclusion, the study 
shows how digital data can be handled intelligently using IoT which supports smart data analysis and 
prepares for new digital changes in a broad range of businesses. 
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