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Abstract

Accurate rainfall prediction is critical for agricultural planning, flood-risk management, and urban infrastructure resilience, particularly in tropical
coastal cities such as Lagos, Nigeria, where unpredictable rainfall events cause significant socioeconomic disruption. This study evaluates three
machine learning (ML) classification models—logistic regression (LR), random forest (RF), and support vector machine (SVM)—for daily binary
rainfall prediction using a 22-year meteorological dataset of 8,314 observations sourced from Visual Crossing. Two features were engineered from
the raw data: daily temperature range and a seasonal indicator. To address the asymmetric cost of false negatives in a tropical rainfall context,
Youden’s J statistic was applied to optimise the decision threshold of each model, prioritising sensitivity over the conventional 0.5 default. RF
achieved the strongest overall performance, recording an accuracy of 76.28%, sensitivity of 79.27%, F1-score of 76.44%, and area under the
receiver operating characteristic curve (AUC-ROC) of 0.8454, outperforming SVM (AUC-ROC: 0.8215) and LR (AUC-ROC: 0.8001). Humidity,
cloud cover, dew point, and visibility emerged as the most consistent predictors across models, while moon phase and wind speed showed negligible
importance in all three classifiers. All three trained models were deployed in an interactive R Shiny web application, enabling non-technical users,
including farmers, planners, and policymakers, to obtain real-time rainfall predictions from meteorological inputs. This study provides an end-to-
end rainfall prediction pipeline tailored to the Lagos environment and demonstrates the practical value of coupling ML with accessible deployment
frameworks for climate decision-making in developing countries.
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1. Introduction

Rainfall is one of the most important natural phenomena affecting agriculture, water resources management, energy, mining, and
other sectors [1]. Accurate rainfall prediction is essential for reducing the negative effects of climate variability, including floods,
droughts, food insecurity, and infrastructure damage. Variations in rainfall timing and quantity have long made rainfall prediction a
difficult task for meteorological experts [2]. This highlights the importance of rainfall prediction, particularly in many developing
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countries where farming relies primarily on rainfall as a water source [3]. Lagos, Nigeria’s most populated city and commercial
centre, is especially vulnerable to heavy rainfall that often disrupts businesses, causes highway traffic congestion, floods residential
areas, and leads to loss of lives and property [4]. Lagos’s coastal tropical climate, characterised by distinct wet and dry seasons
and convective rainfall events, makes accurate daily rainfall classification especially difficult. These risks caused by unpredictable
rainfall are major reasons why rainfall prediction is needed for Lagos.

Machine learning (ML) offers a powerful alternative to the explicit physics-based forecasting used by traditional prediction mod-
els because of its ability to capture complex non-linear relationships between meteorological variables [5]. Gradient boosting, random
forest (RF), and decision tree (DT) models were applied to a 40-year dataset in a study by Patel et al. [6]. Among the evaluated mod-
els, gradient boosting was the most effective, achieving 93% accuracy for characteristics that influence rainfall predictability, with RF
and DT methods following closely. Another study, which used daily Indian precipitation data to provide climate insights, reported
that RF had the best classification accuracy, whereas autoregressive integrated moving average (ARIMA) and neural-network models
were the most effective for predicting meteorological characteristics [7]. In a Moroccan study that applied five ML algorithms—DT,
RF, k-nearest neighbours (KNN), AdaBoost, and XGBoost—as well as a long short-term memory (LSTM) network to monthly rain-
fall data, XGBoost and AdaBoost were identified as meta-learners with the potential to integrate and use data from multiple sources,
thereby enhancing prediction performance [8].

Ejike et al. [9] evaluated the influence of climate change on model performance in tropical and temperate regions through ML-
based rainfall prediction. Logistic regression (LR), RF, and support vector machine (SVM) models were applied to meteorological
data with variables such as temperature, humidity, and air pressure. RF and SVM outperformed LR because of their ability to
detect non-linear relationships in complex data. However, LR continued to provide interpretable baseline results and was useful
for comparison. That study also reported that model effectiveness depends on the weather and emphasised the need to evaluate
predictive models according to climate. Collectively, these findings suggest that ensemble models such as RF and gradient boosting,
and margin-based models such as SVM, are well suited to tropical rainfall classification, while LR provides an interpretable baseline.
This evidence motivates the selection of the three classifiers used in the present study.

SmartForecast, an interactive R Shiny dashboard for rainfall forecasting in Subang, was developed by Bahrom R [10]. That study
showed that interactive dashboards improve the usability of rainfall forecast models for non-technical users. Although the study
demonstrated how Shiny dashboards can be used to forecast rainfall, it examined only one model and did not conduct a thorough
comparison. More generally, although ML-based rainfall prediction is becoming increasingly popular, few studies have focused
specifically on Lagos using long-term datasets, and even fewer have combined rigorous model evaluation with accessible end-user
deployment. In addition, the asymmetric cost of false negatives in tropical rainfall contexts is rarely considered in current studies:
farmers and city planners suffer substantially more when they anticipate no rain and rainfall occurs. This study addresses these gaps
by: (i) evaluating and comparing LR, RF, and SVM for daily rainfall classification in Lagos using a 22-year meteorological dataset;
(ii) applying Youden’s J threshold optimisation to prioritise sensitivity in a cost-asymmetric prediction context; and (iii) deploying
all three models in an interactive R Shiny application accessible to non-technical users.

2. Materials and methods

This study used a dataset obtained from Visual Crossing (https://www.visualcrossing.com/weather-data), a weather forecasting
website. The dataset spans 22 years and contains 8,314 observations with 12 variables, of which 11 are independent variables.

Data preprocessing involved three steps. First, temperature values were converted from degrees Fahrenheit to degrees Celsius to
align with Nigerian measurement standards. Second, missing values were handled through imputation. Three variables contained
missing values: wind direction (0.5%), sea-level pressure (1.3%), and visibility (2.6%). Mean imputation was applied to approxi-
mately normally distributed variables, and median imputation was applied to skewed variables. Third, the class distribution of the
target variable (Rain/No Rain) was examined. Of the 8,314 observations, 4,415 were labelled “No Rain” and 3,899 were labelled
“Rain”, representing a 53% to 47% split. The imbalance was mild enough not to require external intervention. The dataset was
partitioned into a training set (80%, n = 6, 651) and a test set (20%, n = 1, 640). The split was performed in chronological order to
respect the temporal structure of the data and prevent future observations from leaking into the training set.

2.1. Model selection

Three classification algorithms were selected based on evidence from the literature and their complementary properties. LR was
chosen as an interpretable baseline that quantifies predictor contributions through standardised coefficients, making it suitable for
identifying the relative importance of meteorological variables. RF was selected for its ensemble structure, resistance to overfitting,
and native feature-importance output through Gini impurity reduction. SVM was included because of its effectiveness in high-
dimensional spaces and robustness to outliers through margin maximisation [9, 11].
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Figure 1: Logistic regression sigmoid curve.

2.2. Logistic regression
Logistic regression is an algorithm used for classification when the dependent variable is categorical [12]. It is suitable for this

study because the response variable is dichotomous, categorised as Rain and No Rain. The regression model is defined in Eq. (1) as
follows:

P(X) =
1

1 + exp(−Xβ)
. (1)

A linear regression line equation cannot be fitted because the dependent variable values are 0 and 1. The scatter plot can produce
only an S-shaped curve, as shown in Figure 1.

Figure 1 shows the shape of a logistic regression curve. A rise in the log-odds increases the probability of an event occurring,
while a decline in the log-odds decreases that probability. The general regression equation is not appropriate for fitting a logistic
regression model because it can give values outside the probability range. Logistic regression instead transforms probabilities into
log-odds, which can take real-number values, as shown in Eq. (2) and Eq. (3):

logit(p) = ln
(

p
1 − p

)
, (2)

ln
(

p
1 − p

)
= β0 + β1X1i + · · · + βkXki. (3)

2.3. Random forest classifier
Random forest is a sampling-with-replacement ML algorithm used for both regression and classification problems. It was devel-

oped by Breiman in 2001 and is based on combining many decision trees to reduce overfitting and improve predictive ability. The
algorithm obtains the final prediction for classification problems through voting and takes an average of predictions for regression
problems [13].

Let Db(X) denote the prediction from the bth tree. The RF classifier is defined in Eq. (4):

Ŷ = majority vote{D1(X),D2(X), . . . ,DB(X)}. (4)

The RF classifier structure is illustrated in Figure 2.
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Figure 2: Random forest classifier illustration.

2.4. Support vector machine

Support vector machine, like LR and RF, is a supervised ML model that constructs a line called a hyperplane that maximises the
distance between the different classes in a dataset [11]. SVM constructs a hyperplane that maximises the margin between classes, as
shown in Eq. (5):

wTx + b = 0. (5)

For non-linear classification, a radial basis function (RBF) kernel is used to map inputs into a higher-dimensional feature space, as
shown in Eq. (6):

K(x, y) = exp
(
−γ∥x − y∥2

)
. (6)

The SVM classifier is illustrated in Figure 3.

2.5. Youden’s J statistic for threshold optimisation

The default decision threshold of 0.5 in binary classification is based on the notion that the costs of false positives and false
negatives are the same; that is, forecasting “No Rain” on a day that actually rains has the same consequence as predicting “Rain” on
a dry day. Lagos, being in a tropical region, does not follow this notion. Predicting no rainfall when it actually rains (false negative)
has a significantly higher cost than predicting rainfall when it does not rain (false positive), because unexpected rainfall deprives
farmers and other planners of the opportunity for early preparation or preventive measures. This study uses Youden’s J statistic [14]
to estimate the ideal threshold for each classifier. The statistic is defined in Eq. (7):

J = Sensitivity + Specificity − 1. (7)

The Youden’s J-optimised decision thresholds for LR, RF, and SVM were determined to be 0.4908593, 0.4795, and 0.4057616,
respectively. These thresholds replace the conventional 0.5 default and shift the models toward higher sensitivity, reducing the risk
of false negatives in the Lagos context.
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Figure 3: Support vector classifier.

Table 1: Confusion matrix.

Actual
Predicted Rain No Rain
Rain True positives (TP) False positives (FP)
No Rain False negatives (FN) True negatives (TN)

All three models underwent iterative hyperparameter tuning during training to achieve better accuracy. A confusion matrix, a
performance-measurement table that compares the actual outcomes with the predicted outcomes, was used to compare how well
each model performed. The generic confusion matrix is shown in Table 1. Other metrics used to evaluate model performance were
accuracy, precision, sensitivity, F1 score, and AUC-ROC; their formulae are given in Eqs. (8)–(11).

Accuracy =
T P + T N

T P + T N + FP + FN
, (8)

Precision =
T P

T P + FP
, (9)

Sensitivity =
T P

T P + FN
, (10)

F1 score = 2 ×
Precision × Sensitivity
Precision + Sensitivity

. (11)

3. Results and discussion

3.1. Correlation heatmap
Figure 4 presents the correlation heatmap of the 11 predictor variables.
Figure 4 shows strong positive correlations between temperature and dew point, which is consistent with the physical relationship

between air temperature and atmospheric moisture content. Humidity and cloud cover also show a notable positive correlation,
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Figure 4: Correlation heatmap of the features.

Table 2: Logistic regression confusion matrix.

Actual
No Rain Rain

Predicted
No Rain 575 176
Rain 269 620

suggesting that they capture overlapping meteorological information. These intercorrelations are worth noting because they may
influence feature-importance rankings across models, particularly where collinear variables compete for explanatory weight.

3.2. Models

3.2.1. Logistic regression
The LR confusion matrix is presented in Table 2. The corresponding feature-importance plot is shown in Figure 5.
Figure 5 presents the feature importance of the LR model, quantified by absolute standardised regression coefficients (absolute

Z-scores), which measure each predictor’s contribution to the probability of rainfall after accounting for scale differences. Visibility,
temperature, dew point, and the engineered temperature range emerged as the most dominant predictors. Visibility’s prominence in
LR may reflect its sensitivity to atmospheric moisture conditions; reduced visibility is commonly associated with fog and pre-rainfall
humidity accumulation in coastal tropical cities such as Lagos. The strong contribution of dew point aligns with the physical principle
that dew-point temperature is a direct measure of atmospheric moisture, and rainfall becomes increasingly likely as air temperature
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Figure 5: Logistic regression feature importance.

Table 3: Random forest confusion matrix.

Actual
No Rain Rain

Predicted
No Rain 620 165
Rain 224 631

approaches the dew point. The significance suggests that days with compressed diurnal temperature ranges are more associated with
rainfall events.

Wind speed, moon phase, and season recorded p-values greater than 0.05, indicating no statistically significant contribution to the
model’s predictive power. The negligible importance of moon phase is unsurprising because the gravitational influence of the moon
on atmospheric moisture is negligible at the local scale of daily rainfall prediction. The near-zero importance of the season variable,
despite Lagos having clearly defined wet and dry seasons, is notable. A likely explanation is that the other predictors, particularly
humidity, dew point, and cloud cover, already implicitly encode seasonal variation. In other words, the season variable becomes
redundant because the model can infer the season from the atmospheric conditions themselves.

3.2.2. Random forest
The RF confusion matrix is presented in Table 3. The corresponding feature-importance chart is shown in Figure 6.
Figure 6 shows the feature-importance chart for the RF model, scaled with respect to the most significant variable and calculated

using the mean reduction in Gini impurity. Humidity stands out with a scaled significance score of 100 as the most important
predictor. Cloud cover is the second most important predictor, with a score of almost 68, closely followed by visibility, temperature,
wind direction, temperature range, and dew point. Season again shows little to no significance, consistent with the LR model.
Humidity’s dominant position in the RF model has a clear physical basis: relative humidity directly quantifies the amount of water
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Figure 6: Random forest feature importance.

vapour in the atmosphere relative to the saturation point. As humidity approaches 100%, the atmosphere’s capacity to hold water
vapour is exhausted, making precipitation increasingly likely. This makes humidity the most direct atmospheric precursor to rainfall
and explains why the RF model, which captures non-linear feature interactions through ensemble decision trees, ranks it highest.
Cloud cover’s second-place ranking similarly reflects a physical relationship: cloud formation is a prerequisite for most rainfall
events, particularly the convective rainfall common in Lagos’s tropical climate.

The discrepancy between LR and RF feature rankings is also worth noting. Visibility ranks highly in LR but is less prominent
in RF, while humidity dominates RF but not LR. This divergence reflects a fundamental difference in how the two models process
information. LR captures linear marginal effects, making visibility, which has a strong linear inverse relationship with moisture,
influential. RF, however, captures interaction effects through tree splits, allowing it to use the more complex, non-linear relationship
between humidity and rainfall that a linear model cannot fully exploit.

3.2.3. Support vector machine
The SVM confusion matrix is presented in Table 4. The corresponding feature-importance chart is shown in Figure 7.
Figure 7 presents the feature importance of the tuned SVM model trained with an RBF kernel (C = 2, σ = 0.009674655).

Temperature and dew point show the most predictive power for SVM, reflecting their strong co-variation. Wind direction, wind
speed, and moon phase have the lowest relevance ratings. Moon phase shows no significance for the third time in a row, indicating
that it adds little predictive information to any of the three models. The prominence of temperature and dew point in the SVM model is
consistent with their strong co-variation: dew point is mathematically bounded by air temperature, and the difference between them,
the dew-point depression, is a classical meteorological indicator of atmospheric saturation. The SVM model’s margin-maximising
mechanism likely identified this paired relationship as a strong separating boundary between rain and no-rain classes. The relatively
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Table 4: Support vector machine confusion matrix.

Actual
No Rain Rain

Predicted
No Rain 653 229
Rain 191 567

Figure 7: Support vector machine feature importance.

lower prominence of humidity in SVM compared with RF may reflect the sensitivity of the RBF kernel to feature scaling and
intercorrelation, where humidity and dew point overlap in information content; the SVM may distribute weight differently from RF’s
tree-based splitting.

Moon phase registers no predictive importance in SVM, consistent with its performance in LR and RF. The persistent absence of
moon phase importance across all three models, which use fundamentally different learning mechanisms, provides strong convergent
evidence that lunar cycles carry no meaningful signal for daily rainfall prediction in Lagos at the daily timescale studied here.

3.3. Model comparison
Table 5 and Figure 8 present a comparative summary of all three models across five evaluation metrics.
Random forest achieved the highest accuracy (76.28%), recall (79.27%), F1-Score (76.44%), and AUC-ROC (84.54%), making

it the strongest overall performer. Its high recall is particularly important in the Lagos context, where false negatives—failing to
predict actual rain—carry greater real-world consequences than false alarms and its high F1-score, reinforces its position as the
best-performing model when precision and recall are balanced jointly. SVM achieved the highest precision (74.80%), indicating
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Table 5: Model comparison across evaluation metrics.

Model Accuracy Precision Recall F1 score AUC-ROC
Logistic regression 0.7299 0.6981 0.7814 0.7366 0.8001
Random forest 0.7628 0.7380 0.7927 0.7644 0.8454
SVM 0.7439 0.7480 0.7123 0.7297 0.8215

Figure 8: Model comparison visualisation.

that when SVM predicts rain, it is the most reliable of the three models, although it misses more actual rain days than RF. Logistic
regression, despite being the simplest model, achieved a recall of 78.14%, nearly matching RF, while maintaining a competitive
AUC-ROC (80.01%). This demonstrates that a linear model retains meaningful predictive power for this dataset and remains a viable
choice where interpretability is prioritised over marginal performance gains.

The AUC-ROC values above 0.80 for all three models indicate good discriminative ability; the models meaningfully distinguish
between rain and no-rain days rather than relying on class frequency alone. These results are consistent with Ejike et al. [9], who
similarly found RF and SVM to outperform LR on tropical meteorological data, although the margin of difference here is modest,
reinforcing LR’s value as an interpretable baseline.

3.4. Implementation of the Shiny app for rainfall prediction
For easy access to the prediction models by non-technical users, a Shiny app was used to deploy the three trained models. The

app provides an interactive dashboard where hypothetical or real-time weather data can be entered for real-time weather prediction.
The prediction result is displayed as “Rain” or “No Rain” to support user understanding, alongside the evaluation metrics for each
model. On a separate tab, a visual representation of all five evaluation metrics across the three models is shown. The LR, RF, SVM,
and model-comparison tabs are shown in Figures 9–12, respectively.

The app can be accessed at http://hardeybaz.shinyapps.io/Rainfall_Prediction_App.

4. Conclusion and future research

This study demonstrated that ML classification models can effectively predict daily rainfall occurrence in Lagos, Nigeria, using
routinely collected meteorological data. Among the three classifiers evaluated, RF emerged as the strongest overall performer,
achieving the highest accuracy (76.28%), recall (79.27%), F1-score (76.44%), and AUC-ROC (84.54%). Importantly, all three
models achieved AUC-ROC values exceeding 0.80, indicating that each model possesses meaningful discriminative ability beyond
chance classification. The application of Youden’s J statistic for threshold optimisation improved model sensitivity by prioritising the
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Figure 9: Logistic regression tab.

Figure 10: Random forest classifier tab.

detection of actual rain days, which is critical in a city where undetected rainfall events have documented consequences for flooding,
agriculture, and urban infrastructure.

The findings carry practical implications for meteorological forecasting and urban planning in Lagos and comparable tropical
cities. The dominance of humidity, cloud cover, dew point, and visibility as predictors across all three models suggests that moni-
toring these variables provides the strongest early signals for imminent rainfall. The near-zero importance of the engineered season
variable, despite Lagos’s wet and dry seasons, indicates that atmospheric variables already capture seasonal information implicitly,
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Figure 11: Support vector machine classifier tab.

Figure 12: Model comparison tab.

which is a useful insight for future feature selection in similar studies. The consistent absence of moon phase importance across all
three models provides strong evidence that lunar cycles carry no predictive signal for rainfall in Lagos. The deployment of all three
models in an interactive R Shiny application bridges the gap between technical model development and practical usability, enabling
agricultural planners, emergency responders, and policymakers to access real-time predictions without statistical expertise.

This study has several limitations that should be acknowledged. First, the dataset was sourced from a single provider, Visual
Crossing, and cross-validation against Nigeria Meteorological Agency (NiMet) station data was not performed. Second, although
the 80/20 data split is standard in ML classification, its chronological application to time-series meteorological data may introduce
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temporal considerations that a walk-forward cross-validation approach would better address. Finally, the models were trained and
evaluated on Lagos data alone, and their generalisability to other Nigerian cities with different climatic profiles has not been tested.

Future research should explore deep-learning architectures, such as LSTM networks, which are better suited to capturing long-
range temporal dependencies in daily weather sequences. Integrating real-time data feeds from NiMet weather stations into the
Shiny application would enhance its operational value for practitioners. Extending the framework to other Nigerian cities with
distinct climatic profiles, such as Kano or Port Harcourt, would test the generalisability of these findings. In addition, incorporating
ensemble stacking of the three classifiers, rather than selecting a single best model, may yield further performance improvements.
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