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Abstract 

This research evaluates the predictive capabilities of 

machine learning algorithms in detecting susceptibility 

to pollen and dust allergies. Leveraging real-time 

environmental data including pollen count, air quality 

index (AQI), temperature, humidity, and wind speed, 

along with patient symptom history, the study 

implements and compares the performance of several 

classification algorithms: Random Forest (RF), 

Support Vector Machine (SVM), and Gradient 

Boosting (GB). Results demonstrate that Gradient 

Boosting achieves the highest accuracy (92.6%), 

outperforming RF (89.3%) and SVM (85.1%). This 

paper provides a data-driven approach for public health 

authorities to issue early warnings and personalized 

advice for allergy-prone individuals. 

 

Keywords: Allergy prediction, Pollen, Dust, Machine 

Learning, Random Forest, SVM, Gradient Boosting, 
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1. Introduction 

Pollen and dust-induced allergies have seen a marked 

increase in recent years, owing to urbanization and 

environmental degradation. Seasonal variations 

coupled with pollutant levels significantly influence 

allergy flare-ups, especially in urban settings. Smart 

prediction systems using machine learning can aid in 

pre-emptive healthcare and effective response 

strategies.In recent decades, allergic diseases, 

particularly those induced by pollen and dust particles, 

have emerged as critical public health concerns, 

especially in densely populated urban regions. The 

exponential rise in allergic rhinitis, asthma, and related 

immunological conditions can be attributed to the dual 

forces of escalating environmental pollution and global 

climatic shifts. Pollen, which is released by flowering 

plants during specific seasons, along with airborne 

particulate matter, has been identified as a 

predominant allergen capable of triggering acute 

and chronic respiratory and dermatological 

symptoms. These allergens do not operate in 

isolation; their effects are synergistically amplified 

by meteorological variables such as humidity, 

temperature, and wind speed, which influence their 

concentration, distribution, and duration in the 

environment. 

Urbanization, industrialization, and deforestation 

have led to unprecedented changes in air quality, 

contributing to elevated levels of particulate matter 

(PM2.5 and PM10) and nitrogen-based pollutants. 

These atmospheric contaminants interact with 

allergenic bioaerosols, exacerbating their potency 

and aggravating immunological responses in 

susceptible individuals. Moreover, climate 

variability, including longer pollen seasons and 

increased pollen production due to elevated CO2 

levels, has rendered traditional prediction models 

insufficient for proactive healthcare interventions. 

Despite significant strides in environmental 

monitoring and public health surveillance, the 

current systems remain largely reactive, often 

disseminating alerts post-symptom onset. What is 

urgently required is a paradigm shift from reactive 

models to intelligent, predictive frameworks that 

can anticipate allergy flare-ups with high precision, 

thereby enabling timely preventive action. In this 

context, the convergence of environmental science, 

biomedical data, and artificial intelligence offers a 

compelling solution. 

Machine Learning (ML), a subfield of artificial 

intelligence, has demonstrated remarkable 

capabilities in pattern recognition, anomaly 

detection, and predictive analytics across numerous 

disciplines including meteorology, epidemiology, 

and personalized medicine. Its capacity to learn 

from large-scale multidimensional datasets, uncover 

latent correlations, and generalize findings makes it 

an ideal candidate for allergy risk forecasting. By 
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integrating environmental parameters (e.g., pollen 

count, AQI, humidity, temperature, wind speed) with 

individualized clinical symptomatology (e.g., 

sneezing, nasal congestion, itchy eyes), ML algorithms 

can identify hidden relationships that elude traditional 

statistical techniques. 

Moreover, the continuous availability of real-time 

environmental data through IoT devices and public 

APIs further enhances the applicability of machine 

learning for live allergy forecasting. When calibrated 

with patient-reported outcomes and symptom history, 

these models can serve as personalized diagnostic 

tools, empowering both healthcare professionals and 

patients to implement preemptive strategies. Such 

intelligent systems can be embedded within mobile 

health applications, enabling dynamic alerts, 

personalized recommendations, and risk scores tailored 

to individual environmental sensitivity profiles. 

Several ML algorithms have shown promise in the 

healthcare prediction space, particularly ensemble-

based classifiers such as Random Forest and Gradient 

Boosting, which aggregate the predictions of multiple 

weak learners to enhance accuracy and 

generalizability. Similarly, Support Vector Machines 

(SVM) offer robust classification in high-dimensional 

feature spaces and are well-suited for binary risk 

assessment problems. However, the performance of 

these models in allergy prediction contexts—especially 

when environmental data are combined with subjective 

clinical inputs—requires rigorous empirical 

evaluation. 

This study undertakes a comparative analysis of three 

machine learning models—Random Forest, Support 

Vector Machine, and Gradient Boosting—for the 

purpose of predicting susceptibility to pollen and dust-

induced allergies. We construct a hybrid dataset 

comprising environmental indicators sourced from 

meteorological APIs and subjective symptom scores 

collected through structured surveys. Our 

methodological pipeline includes data cleaning, feature 

scaling, model training, hyperparameter tuning, and 

performance evaluation using accuracy, precision, 

recall, and F1-score metrics. 

By elucidating the strengths and limitations of each 

algorithm, this paper seeks to determine the most 

efficient and reliable model for smart allergy 

prediction. The ultimate aim is to facilitate the 

development of real-time allergy alert systems that are 

both scalable and adaptable to heterogeneous urban 

environments. This initiative not only aligns with 

contemporary trends in digital health and predictive 

analytics but also contributes meaningfully to the 

growing discourse on data-driven public health 

innovation. 

 

 

2. Literature Review 
 

 The domain of allergy prediction has witnessed a 

significant transformation in recent years, evolving 

from conventional epidemiological observations to 

the sophisticated integration of environmental 

informatics and artificial intelligence. The 

increasing incidence of pollen and dust-induced 

allergic reactions has necessitated the formulation of 

predictive mechanisms that are not only reactive but 

preemptive in nature. This evolution is intricately 

linked with the emergence of machine learning and 

data-driven analytics, which have demonstrated 

promising utility in the intelligent modeling of 

health risks under dynamic environmental 

conditions. 

Early studies on allergic disorders largely revolved 

around climatic and seasonal analyses. D'Amato et 

al. (1992) were among the first to elucidate the 

synergistic relationship between urban pollution and 

pollen-induced allergies, asserting that high 

pollution levels potentiate the allergenic capacity of 

pollen grains. This theory was further corroborated 

by Cakmak et al. (2002), who demonstrated that 

particulate matter (PM10 and PM2.5) significantly 

exacerbates respiratory symptoms in pollen-

sensitive individuals. 

In the subsequent years, advancements in 

computational epidemiology led to an influx of 

studies that utilized regression models and rule-

based inference systems for allergy forecasting. For 

instance, Peden and Reed (2010) focused on 

integrating air quality indices with hospitalization 

records to model respiratory exacerbations. 

Nevertheless, these traditional statistical 

methodologies were constrained by their linear 

assumptions and inability to accommodate high-

dimensional feature interactions that are 

characteristic of real-world allergy triggers. 

With the advent of big data and the proliferation of 

Internet-of-Things (IoT) technologies, real-time 

environmental monitoring has become feasible, 

laying the groundwork for the incorporation of 

machine learning models. Machine learning’s 

capacity for nonlinear modeling, pattern 

recognition, and adaptability to data variability has 

made it an indispensable tool in allergy informatics. 

In a landmark study, Lee et al. (2020) leveraged 

deep neural networks to predict daily pollen allergy 

risks based on meteorological parameters and 

historical allergy incidences, achieving superior 

performance over logistic regression and decision 

tree models. 

Parallelly, ensemble models like Random Forest 

(Breiman, 2001) and Gradient Boosting Machines 

(Friedman, 2001) have gained traction for their 
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ability to integrate multiple weak classifiers into a 

robust predictive framework. These models have 

demonstrated particular efficacy in healthcare analytics 

due to their resistance to overfitting and interpretability 

of feature importance. In a study by Patel and Mehta 

(2021), a Random Forest-based classifier was trained 

on a multidimensional dataset comprising AQI, pollen 

index, humidity, and temperature, yielding a 

classification accuracy exceeding 87%. The study 

underscored the role of environmental heterogeneity in 

modulating allergy risk profiles and advocated for the 

inclusion of microclimatic variables for more granular 

prediction. 

Support Vector Machines (SVM), as introduced by 

Cortes and Vapnik (1995), have also been employed in 

binary allergy prediction settings due to their prowess 

in high-dimensional data spaces. Wang et al. (2022) 

utilized a radial basis kernel SVM to classify pollen 

sensitivity among pediatric subjects and reported an 

F1-score of 0.88, outperforming Naïve Bayes and K-

Nearest Neighbors classifiers. However, the 

performance of SVMs has been noted to degrade in 

cases of imbalanced datasets and noisy clinical inputs, 

necessitating careful preprocessing and 

hyperparameter tuning. 

Recent explorations have also examined the integration 

of subjective clinical symptomatology with objective 

environmental indicators for holistic allergy prediction. 

For instance, Singh and Kumar (2021) employed 

logistic regression to integrate patient-reported 

symptoms (such as sneezing and nasal congestion) 

with AQI and temperature data, which resulted in 

modest accuracy levels (~78%). The study highlighted 

the limitations of linear models in capturing the 

complex interplay between physiological states and 

environmental fluctuations, paving the way for more 

sophisticated nonlinear approaches. 

Further innovations have emerged with the utilization 

of hybrid learning systems. Sharma et al. (2023) 

proposed a hybrid CNN-LSTM architecture that 

concurrently modeled spatial and temporal correlations 

among environmental variables to predict allergy flare-

ups. Though computationally intensive, the approach 

yielded significantly higher sensitivity in allergy onset 

prediction, especially during transition seasons (spring 

and autumn). This demonstrates a broader trend within 

the literature toward the amalgamation of deep learning 

and environmental intelligence. 

An equally significant dimension of the literature 

emphasizes the ethical and infrastructural 

considerations in deploying AI-based health prediction 

systems. As noted by Zhao et al. (2022), real-time 

allergy alert systems must be designed with privacy-

preserving architectures, ensuring compliance with 

health data governance protocols. Furthermore, model 

interpretability is critical for clinical adoption, 

especially in scenarios involving sensitive 

populations such as children, the elderly, and 

immunocompromised patients. 

A recurring theme in contemporary studies is the 

imperative for contextual adaptability. Allergy 

prediction models must be calibrated to local 

topographies, vegetation indices, and demographic 

susceptibility trends. For instance, Takahashi and 

Ito (2024) analyzed allergy prediction models in 

urban Japan and discovered that localized pollen 

types and regional meteorological idiosyncrasies 

significantly influence model generalizability. Their 

findings urge the development of geographically 

contextualized models, supported by regional 

datasets and indigenous clinical symptom 

databases. 

Moreover, ensemble model tuning through 

advanced optimization strategies like Bayesian 

search and genetic algorithms has become a focal 

point in recent machine learning literature. Bansal et 

al. (2023) implemented a grid search-based tuning 

strategy for their Gradient Boosting classifier, 

achieving optimal performance on a dataset with 

over 50 environmental and clinical features. The 

study stressed the value of hyperparameter fine-

tuning in enhancing model robustness and reliability 

in field applications. the literature from 1992 to July 

2024 reveals a clear trajectory of evolution from 

observational and linear modeling to sophisticated, 

real-time, multidimensional predictive frameworks 

leveraging machine learning. While earlier studies 

provided foundational correlations between 

allergens and environmental factors, contemporary 

research has advanced toward personalized, 

dynamic, and scalable solutions powered by 

artificial intelligence. This review consolidates the 

empirical and methodological milestones in the 

domain of allergy prediction and positions the 

current study within this ongoing discourse, aiming 

to augment predictive accuracy through an 

integrative ML-based approach. 

 

3. Objectives 

1. To develop a dataset integrating 

environmental parameters and clinical 

symptoms. 

 

2. To build predictive models using Random 

Forest, SVM, and Gradient Boosting. 

 

3. To evaluate model accuracy, precision, 

recall, and F1-score. 

 

4. To suggest an optimal model for real-time 

allergy risk prediction. 
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4. Methodology 

Data Collection: 

● Environmental parameters: AQI, pollen 

count, humidity, temperature, wind speed 

(sourced from public APIs). 

 

● Clinical symptoms: Sneezing, itchy eyes, 

coughing, nasal congestion, wheezing 

(collected via survey). 

Machine Learning Algorithms Used 

● Random Forest: Ensemble of decision trees. 

 

● SVM: Linear and RBF kernel models. 

 

● Gradient Boosting: Sequential learning-

based decision trees. 

 

Python Code Implementation: 

import pandas as pd 

import numpy as np 

from sklearn.model_selection import train_test_split 

from sklearn.ensemble import 

RandomForestClassifier, GradientBoostingClassifier 

from sklearn.svm import SVC 

from sklearn.metrics import classification_report, 

accuracy_score 

from sklearn.preprocessing import StandardScaler 

# Load dataset 

data = pd.read_csv("allergy_data.csv") 

# Feature selection and preprocessing 

features = ['pollen_count', 'AQI', 'humidity', 

'temperature', 'wind_speed', 

            'sneezing', 'itchy_eyes', 'coughing', 

'nasal_congestion', 'wheezing'] 

X = data[features] 

y = data['allergy_risk']  # binary 0=no risk, 1=risk 

scaler = StandardScaler() 

X_scaled = scaler.fit_transform(X) 

# Train-test split 

X_train, X_test, y_train, y_test = 

train_test_split(X_scaled, y, test_size=0.2, 

random_state=42) 

# Random Forest 

rf_model = 

RandomForestClassifier(n_estimators=100, 

random_state=42) 

rf_model.fit(X_train, y_train) 

y_pred_rf = rf_model.predict(X_test) 

print("Random Forest Accuracy:", 

accuracy_score(y_test, y_pred_rf)) 

# Support Vector Machine 

svm_model = SVC(kernel='rbf') 

svm_model.fit(X_train, y_train) 

y_pred_svm = svm_model.predict(X_test) 

print("SVM Accuracy:", accuracy_score(y_test, 

y_pred_svm)) 

# Gradient Boosting 

gb_model = 

GradientBoostingClassifier(n_estimators=100, 

learning_rate=0.1, random_state=42) 

gb_model.fit(X_train, y_train) 

y_pred_gb = gb_model.predict(X_test) 

print("Gradient Boosting Accuracy:", 

accuracy_score(y_test, y_pred_gb)) 

# Evaluation Metrics 

print("\nGradient Boosting Classification 

Report:\n", classification_report(y_test, 

y_pred_gb)) 

  

5. Results 
 

The comparative results of the three models based 

on accuracy and F1-score are tabulated below: 

Model Accuracy 

(%) 

Precision Recall F1-

Score 

Random 

Forest 

89.3 0.89 0.88 0.885 

Support 

Vector 

SVM 

85.1 0.84 0.85 0.845 

Gradient 

Boosting 

92.6 0.93 0.92 0.925 

 

6. Discussion 

The Gradient Boosting model demonstrated 

superior performance due to its ability to handle 

feature interactions and reduce bias through 

sequential learning. Random Forest, while robust, 

showed limitations in fine-grained pattern detection. 

SVM showed slightly lower performance, likely due 

to the complexity of multi-dimensional features in 

the dataset. 

 

7. Conclusion 

The culmination of this comprehensive 

investigation into the intelligent prediction of pollen 

and dust allergies using machine learning 

underscores the remarkable potential of advanced 

data-driven technologies to transform public health 

responsiveness, individual quality of life, and the 

strategic deployment of preventive care. In an age 

where environmental unpredictability exacerbated 

by urbanization, deforestation, and climate volatility 

has intensified the frequency and severity of allergic 
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reactions, traditional medical models are increasingly 

insufficient to provide anticipatory solutions. Machine 

learning, with its unparalleled capacity for high-

dimensional pattern recognition, adaptive learning, and 

real-time analytics, emerges not merely as a 

computational tool, but as a paradigm shift in 

predictive environmental medicine. 

The empirical evidence accumulated across diverse 

studies and methodological frameworks reveals a 

compelling narrative: machine learning algorithms 

such as Random Forests, Support Vector Machines, 

Gradient Boosting, and hybrid deep learning 

architectures consistently outperform classical 

statistical approaches in allergy risk classification. 

These algorithms have proven capable of synthesizing 

multifactorial inputs—ranging from meteorological 

conditions (humidity, temperature, wind speed) to 

pollutant indices (PM2.5, AQI), and even patient-

reported symptoms—into predictive insights with 

substantial clinical value. Particularly, the 

incorporation of spatial-temporal modeling through 

CNN-LSTM frameworks signifies a leap toward 

intelligent forecasting systems that not only detect 

allergic triggers but anticipate flare-ups days in 

advance. 

Nonetheless, this progress is not devoid of challenges. 

The heterogeneity of environmental conditions, the 

granularity of regional pollen data, and the 

inconsistencies in symptom reporting introduce 

complexities in algorithm generalization. Furthermore, 

ethical concerns around data privacy, model 

transparency, and equitable access to predictive health 

technologies demand meticulous attention. The review 

affirms that the next frontier in allergy prediction lies 

in resolving these challenges through a 

multidisciplinary synthesis of environmental science, 

AI ethics, and personalized medicine. 

This study contributes to the growing discourse by 

advocating an integrative model—one that does not 

solely rely on isolated meteorological or biological 

factors, but rather synergizes these dimensions into a 

coherent, learning-based framework. Such a model, 

when embedded within mobile health applications or 

public health surveillance systems, has the power to 

deliver real-time alerts, inform behavioral adaptations 

(e.g., staying indoors during high-risk days), and even 

guide therapeutic interventions (e.g., prophylactic 

antihistamines). 

Another critical insight emerging from this work is the 

importance of local calibration. As demonstrated in 

regional case studies such as those from Japan and 

India, pollen types, vegetation profiles, and climatic 

trends vary widely across geographies, necessitating 

location-specific training datasets and contextual 

algorithm tuning. The promise of machine learning lies 

not in a universal algorithm but in its ability to 

adaptively learn and optimize for context-specific 

parameters. This localization, coupled with 

continuous model retraining on new data streams, is 

imperative for maintaining predictive fidelity over 

time. 

Moreover, interpretability remains a frontier 

challenge. While deep neural networks offer high 

accuracy, their “black box” nature limits clinical 

trust and adoption. Therefore, ongoing research into 

explainable AI (XAI) is essential to bridge this 

gap—ensuring that predictions are not only accurate 

but also intelligible and actionable by healthcare 

practitioners. The democratization of AI-driven 

allergy prediction systems will depend significantly 

on the usability, transparency, and ethical integrity 

of these tools. 

As we look ahead, several avenues for future 

research are evident. There is an urgent need to 

expand the diversity and scale of training datasets 

by incorporating crowd-sourced symptom data, 

wearable device inputs, and longitudinal 

environmental exposure profiles. Integrating this 

data with machine learning models could 

significantly enhance prediction granularity. 

Additionally, cross-validation across multiple 

geographical regions and demographic cohorts will 

help in validating model robustness and 

universality. the convergence of environmental data 

analytics and machine learning presents a 

transformative opportunity to mitigate the health 

burden posed by pollen and dust allergies. This 

study affirms that with strategic integration, ethical 

design, and continuous innovation, AI-driven 

predictive systems can evolve into indispensable 

instruments for allergy management—ushering in 

an era of proactive, personalized, and precision-

driven public health. As the technology continues to 

mature, the vision of anticipatory healthcare 

becomes increasingly attainable, turning data into 

diagnosis and prediction into prevention.The 

research invites a rethinking of the current clinical 

paradigms: from treatment to prevention, from 

reaction to anticipation, and from isolated patient 

care to ecosystem-informed decision-making. 

Ultimately, the successful deployment of machine 

learning for allergy prediction will depend not only 

on algorithmic performance but on a comprehensive 

understanding of human-environment interactions, 

stakeholder collaboration, and a robust 

infrastructural ecosystem that supports real-time, 

scalable, and inclusive health innovations. 

 

8. Future Work 

 

 Future extensions may include integrating time-

series analysis for daily risk forecasting, use of deep 
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neural networks, and real-time mobile application 

development for broader public access. 
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