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Abstract
This paper examines the vulnerability of Small
and Medium-sized Enterprises (SMEs) exposed to
evolving climate changes in Pakistan, specifically
the impacts of extreme weather events, including
floods and drought. The earlier literature illustrates
that SMEs are affected by climate-related risks,
but the current study takes the discussion further
by implementing machine learning algorithms
to measure the vulnerabilities of SMEs more
objectively. A mixed-methods design was used to
combine surveyswithmachine-learning techniques.
PyCaret was employed to tune instruments such
as Logistic Regression (LR), Random Forest (RF),
ordered logistic regression, LightGBM, ADA Boost,
SVM, KNN, GBC, and Naïve Bayes, among others,
in Python. The results show that SMEs located
in rural regions are significantly more vulnerable
to climate events than SMEs in urban areas. The
best results were found by the Logistic Regression
model: its accuracy was 63.3%, recall 63.3%, F1-score
55.2%, and Kappa value 0.23. Random Forest
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showed similar findings, but Logistic Regression
proved stronger in diagnosing the influence of
climate on business activity. Ordered logistic
regression-based analyses show that awareness of
temperature fluctuation (p = 0.035) and perceived
financial impact (p = 0.018) significantly affect the
degree towhich firms are affected by climate-related
impacts, while geographic locations (p = 0.057) and
business tenure (p = 0.091) are only marginally
important. Strict evaluation of empirical evidence
has pointed out that the application of focused
financial tools, extensive infrastructure, and
governance framework transformation can help
to make the small- and medium-sized enterprises,
especially enterprises located in remote areas to
be more resilient to climate-related risks.. Further
studies may improve this analysis through a more
detailed machine-learning framework and analysis
of sector-specific effects of climate change in specific
geographic areas.
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1 Introduction
Climate change has emerged as one of the most
serious global issues with massive implications for
the developing nations such as Pakistan. Like many
developing countries, Pakistan’s own contribution to
global greenhouse gas emission is not high but being
highly susceptible to the impacts of climate change,
it cannot be separated from other countries. These
are intensified and more frequent extreme weather
events -floods, droughts and capricious monsoons
[1]. In 2022, recoiling from record-breaking floods
amplified by the melting of glaciers and driven by
incessant monsoon rains, millions have been uprooted,
and infrastructure, homes and livelihoods have been
ravaged. This underscores the necessity for change in
measures that can be adapted to address the adverse
effects of climate change [2]. Geographical exposure
of mountainous Pakistan piled up the risk of man
and nature including hazards of GLOFs to human
habitation and ecology.

UNESCO’s Climate Change Education for Sustainable
Development program promotes climate literacy,
especially among youth. Initiatives like the Global
Action Programmed (GAP), Action for Climate
Empowerment, and the ZOOM campaign, showcased
at COP 22, further support climate education.

While Pakistan is a low emitter of greenhouse gases on
a global scale, it is significantly adversely affected by
the fallout of climate changes on account of amultitude
of internal issues such as rapid industrial growth,
reduction and loss of tree cover and dependency on
fossil fuel energy. These pressures place added stresses
on the country’s environmental settings, making it
vulnerable to natural disasters that endanger food
security, water availability, and economic stability.
Although different initiatives/policies have been
implemented and promoted to address climate change,
these are difficult to be implemented owing to poor
governance, absence of infrastructure, and limited
finances. This adds more importance to examining the
adaptability of SMEs, which constitutes a large portion
of the national economy and employment, particularly
in rural areas. SMEs play an important part in a
healthy economy but are particularly susceptible to
climate-related hazards that can derail their operations
as well as their market stability [3].

The literature addressing climate change effects on
SMEs stresses on a wide range of sectorial specific
vulnerabilities. Agricultural SMEs, for example,
encounter problems including soil erosion, water

shortages, and traditional agricultural activities that
limit productivity and retard progress [4]. Likewise,
SME descriptions show existing high operational costs
due to the lack of infrastructure, poor accessibility
to finances, and also the lack of an efficient tax
system. In addition, a larger part of these challenges
is compounded by climate change-related disruptions
such as floods, droughts and extreme weather events,
which cause serious financial instability more so in
rural areaswhere inmajority the SMEs are located. The
tourism industry is seen as a highly promising one, but
is hampered by security concerns, poor infrastructure,
as well as gender discrimination, thereby creating
obstacles for SMEs in these areas. The year-in,
year-out pressure to compete on the global market
also has ramifications for Pakistan’s own SME sector,
particularly as it is influenced by global supply chains.
With growing international and local vulnerability,
through which risks of the global climate change
become more acute, companies are increasingly faced
with non-localizable (both locally and internationally
specific) challenges that demand adaptive strategies
that surpass local environmental challenges.
• This study proposes the use of advanced machine

learning methods, namely Logistic Regression,
Random Forest, Ordered Logistic Regression,
LightGBM, ADA Boost, SVM, KNN, GBC,
Naïve Bayes, and many more to analyze the
climate vulnerability of Small and Medium-sized
Enterprises (SMEs) in Pakistan, providing a
quantitative, data-driven measure of climate
vulnerability.

• Automated machine learning is utilized using
PyCaret, which allows hyperparameter tuning
and model selection in an efficient way. The
models produced demonstrate improved
performance and simplified computational
procedures.

• A broad-based approach is employed for model
evaluation, involving accuracy, recall, F1-score,
and Matthews Correlation Coefficient (MCC),
offering a robust system for climate-effect
forecasting.

• We evaluated feature importance in Random
Forest and XGBoost models to highlight the
most significant determinants of climate impact
on business failures, including socio-economic
variables (Q6, Q7, Q14), thereby providing
additional detailed information on sector-specific
weaknesses.
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• The proposed work combines the strengths of
computational modeling and empirical survey
studies, offering a comprehensive perspective
on sector vulnerabilities and enabling the
development of specific adaptation measures for
SMEs across different regional environments.

Figure 1 illustrates the conceptual framework of
our machine learning approach for climate change
vulnerability assessment.

Figure 1. Conceptual framework illustrating the application
of advanced machine learning in climate change

vulnerability assessment for SMEs.

2 Related Works
Small and Medium sized Enterprises (SMEs) are now
considered to be very susceptible to the effects of
the changing climate in developing nations such as
Pakistan. Extreme weather such as floods, droughts
and unreliable rain discourages their operations and
destabilizing markets. Such impacts are especially
harsh on the rural SMEs, where most of the time
they are not capable of adjusting to these impacts.
According to recent studies, there is a trend of utilizing
machine learning (ML) in analyzing and forecasting
these weaknesses with a view of informing more
effective adaptation measures [5].

The use ofmachine learningmodels has already shown
to be a potent tool to understand and forecast the
effects of climate change on the SMEs in the regions
where data access and its environmental properties can
change significantly. The paper [6] established that
ensemble learning methods such as Random Forest
and Gradient Boosting Machines (GBM) could be
effective in forecasting climate vulnerability, enabling
businesses to prepare proactively. The models are
especially useful given that they are capable of dealing
with large and sophisticated datasets incorporating
both socio-economic conditions and climate in a way

that provides a more textured understanding of the
vulnerabilities encountered by SMEs.
In their research [7] utilized machine learning
approaches in the study of the impact of floods and
temperature fluctuations to the SMEs of coastal regions
of South East Asia. They applied supervised learning
methods, i.e., Support Vector Machines (SVM) and
Random Forests, to categorize SMEs according to
their climate hazard resilience. They concluded that
ML models, especially those using socio-economic
information, were more predictable than conventional
data analytics techniques and could therefore be used
to develop more specific solutions to SMEs at risk.
Also, their adoption of the cross-validation methods
made to be sure that their models were reliable and
could be applied to train and transfer to other locations
with related climatic risks.
A further researcher line by [8] proceeded such
methodological investigations to real-time climate-risk
assessment analysis in small and medium-sized
enterprises through machine-learning approaches.
Using a mixture of the supervised algorithms, i.e.,
LightGBM and Naive Bayes, the authors evaluated the
imminent impact of the severeweather events on SMEs
in India. Combining the real-time meteorological data
with operational data sets provided the studywith real
time risk forecasts which firms could use to reduce
economic losses attributable to extreme events. Such
real-time capabilities are particularly critical for SMEs
in vulnerable settings, as timely decision-making can
significantly mitigate the economic losses caused by
climate distress.
Similarly, but in a radical manner, [9] took a mixed
machine learning approach where it integrated the use
of logistic regression and clustering tools in examining
climate-linked vulnerabilities within each sector. This
study focused on the study of agricultural SMEswhere
climate change poses a direct and indirect threat
to them through changes in crop production, water
resources, and soil quality. The hybrid architecturewas
used to predict the sectoral effects of climate change,
thus providing salvaging decisions about those SMEs
demanding immediate intervention.
The in-built element of fairness into machine-learning
models of climate-risk assessment has received the
same divination by scholars. As [10] noted, the biases
possible in the modeling process may result in an
inequitable behavior, especially in terms of SMEs that
are marginalized. As they have analyzed on the topic
of fairness in machine learning, there is a need in
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imposing fairness limitations into predictive models
in order to ensure that the distributive impacts of
climate change are assessed across heterogeneous
sectors, regions, and socio-economic groups.
The implementation of the machine-learning
approaches into SMEs to predict climatic hazards
is also limited by particular issues, including data
accessibility and data quality. According to (19),
a majority of SMEs that are located in rural or
under-developed areas do not have the necessary
data infrastructure necessary to enable the proper
assessments of climate risks, thus undermining
the performance of machine-learning models.
Subsequent studies must thus focus on development
of inexpensive data-gathering methods and the ability
of data to be accessible in a way that all SMEs can take
advantage of them.
All in all, application of machine-learning
methodologies to detect and address climate-change
vulnerabilities in SMEs have enormous potential. The
realization of superior algorithms (such as Random
Forest, LightGBM, and hybrid ones) already proved
significant effects in the climate risks forecasts and
identifying vulnerable SMEs. Furthermore, through
the inclusion of considerations of fairness and the
inclusion of a liability on data deficiencies, machine
learning can tune adaptation approaches to the specific
requirements of SMEs, creating the potential to induce
the long-term sustainability. Further adjustments of
these models and their adoption at the national level
of climate policies can be considered an adequate path
toward SMEs climate-Change resilience.

3 Methodology
This study examines the impacts of climate change on
small and medium enterprises (SMEs) in Pakistan by
adopting a mixed-methods approach that integrates
expert opinions gathered through structured surveys
with computational analysis using machine learning
techniques. The objective is to provide insights
into the susceptibility of SMEs to climate-related
impacts and to leverage advanced machine learning
for classification and prediction. Data engineering
methodologies were employed for preprocessing and
transformation, preparing the data for robust and
reproducible modeling.

3.1 Research Design
The research pursues an exploratory flow and
examines the susceptibility of small andmedium-sized
enterprises (SMEs) to climate change with particular

emphasis on constriction presented by floods and
droughts. The perceived consequences of the
extreme weather events regarding operations of
the organization, risk management practices and
adoption of adaptation strategies are measured with
a purpose-built Likert-scale survey. Machine learning
integration was done by transforming the responses
in the questionnaire into numerical values. The
principles of model explain ability, equity, and
predictive fairness are the core of the study where they
make sure the smoothness of the derived models is
easy to interpret and act [11].

3.2 Data Collection and Engineering
In order to achieve the goals of this research,
well-constructed survey questionnaire was used as the
main data-gathering tool. Composed in both English
and Urdu, it has been framed in such a way that it
becomes inclusive to the regions of Pakistan that are
diversified. The survey was set in 4 conceptualized
parts; Business profiles, perceptions on risk, climate
change effects, and social-economic. A 5-point Likert
scale was employed to record the degrees of agreement
within the respondents, and therefore the analysis was
made standard and countable. It was distributed via
email and WhatsApp gaining accessibility and the
anonymity of the message sender, and data security at
the same time [12, 13].
Data preprocessing was carried out using Excel
and Python. Missing values were handled using
mean imputation [14], and features were normalized
using Min Max Scaler. Categorical variables were
encoded numerically through label encoding, and
dimensionality reduction techniques were applied
to improve model performance [15]. The dependent
variable—Extreme weather events (e.g., floods,
droughts) have affected my business—represents
SMEs’ perceptions of climate impact and was modeled
as a multiclass classification problem with three
categories: low, medium, and high impact [16].

3.3 Analytical Approach and Model Selection
The overall machine learning workflow for climate
risk assessment, as shown in Figure 2, involves
multiple stages from data preprocessing to model
evaluation. For Soft Classifiers to predict the effect of
climate change on SMEs, a number of classifiers were
employed in the study. We will introduce the three
commonly used models in this work namely Logistic
Regression (LR), Random Forest (RF) and Ordered
Logistic Regression (OLR). Each model was selected
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Figure 2. Workflow for machine learning based climate risk assessment of SMEs.

based on interpretability and predictive performance
as well as accommodating the ordinal nature of the
target feature [17].

3.4 Logistic Regression (LR)
Logistic regression is an origination base statistical
model of binary and multi-classification. This model
allows predicting a categorical response by fitting the
log-odds of the class membership as a linear spin off of
the input features. When used on multiclass problems,
involving K different classes, then the probability of
a particular class can be estimated by modelling the
respective cumulative probability, normalizing out
natural ordering of the categories. The probability that
an instance belongs to class K is given by the softmax

function:

P (y = k | X) =
eβ

T
k X∑K

j=1 e
βT
j X

(1)

where βk is the coefficient vector for class K andX is
the feature vector.

3.5 Random Forest (RF)
Random forest serves as an ensemble-based learning
technique commonly used in high-dimensional
classification. Decision trees are also grown randomly
on a bootstrapped sample of the original training
data, and averaged to increase both accuracy and
consistency of prediction. Reduction of variance is
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achieved by Bagging (bootstrap aggregation) and
introduction of randomness in feature selection in the
construction of trees deepens generalization. The last
categorization is implied by a plurality of the trees
[18, 19].

f(x) = mode{h1(x), h2(x), . . . , hB(x)} (2)

3.6 Ordered Logistic Regression (OLR)
Ordered logistic regression (OLR) is a statistical
model that is used to predict the ordinal outcome-a
categorical response that has known order, but
unknown distance (e.g. rating of customers like
low, medium or high). Unlike the standard logistic
regression, OLR estimates the cumulative probabilities
that given the response variable will be at or below a
certain category. Assumption of proportional odds
guarantees adjacent outcome category relationships
and make OLR especially appropriate in the survey
analysis, health related outcome, and social-science
studies [20].

log

(
P (Y ≤ j)
P (Y > j)

)
= θj − βTX, j = 1, 2, . . . , J − 1

(3)
where θj represents the threshold for category j, β is
the vector of regression coefficients, andX denotes the
predictor variables; to further refine the classification
predictions, several additional models were evaluated.

3.7 Quadratic Discriminant Analysis (QDA)
The flexibility in quadratic discriminant analysis
(QDA), compared to linear discriminant analysis
(LDA), lies in the fact that, rather than imposing a
single common multivariate covariance matrix on an
entire population, it assumes a different covariance
matrix applies to each subgroup classified. This allows
the modelling of more complicated and non-linear
decision boundaries. Recent developments QDA
predicts the means and covariances in each class, then
assigns a new observation to that class with the highest
posterior probability (likelihood x prior), assuming
them to be multivariate normal.

δk(x) = −1

2
log |Σk|−

1

2
(x− µk)T Σ−1

k (x− µk)+log πk

(4)
where δk(x) is the discriminant function for class k,
µk is the mean vector of class k, Σk is the covariance

matrix of class k, πk is the prior probability of class
k, and |Σk| denotes the determinant of Σk; the class
corresponding to the highest δk(x) value is selected
[21].

3.8 Light G B M (Light Gradient Boosting
Machine)

Light G B M is an optimal implementation of the
gradient boosting framework towards fast, efficient
and scalable learning, especially to large scale datasets.
Its use of depth restrictions combined with the
strategy of leaf-wise tree-growth and a combination
with histogram-based decision-tree learning makes
it require very few computations and memory
requirements. As a result, the framework is very
applicable in both classification as well as regression.
Light G B M builds an additive model, that is,
optimizes a loss function through gradient descent,
in a forward, stage-wise way; the overall prediction is
then the sum of all the sequentially trained trees [22].

ŷ =
M∑

m=1

fm (x) , fm ∈ F (5)

where fm(x) is the prediction from the mth decision
tree, F denotes the space of regression trees, andM
represents the total number of boosting rounds.

3.9 Gradient Boosting (GBC)
Gradient Boosting Classifier (GBC) is a state of art
ensemble learning framework where the models are
implemented sequentially: the hope is that a successive
model will reduce the errors made by the preceding
one. GBC aims at to minimize a differentiable loss
function, via gradient descent, with each new model
being optimized with regard to the negative gradient
of the loss as a function of the current prediction. GBC
is especially useful on structured data: it is flexible and
has good predictive performance [23].

Ft(x) = Ft−1(x) + η · ht(x) (6)

where Ft(x) is the updated prediction at iteration t,
Ft−1(x) is the prediction from the previous iteration,
ht(x) is the new weak learner (typically a decision
tree) fitted to the negative gradient of the loss, and η is
the learning rate controlling the contribution of each
learner.
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3.10 AdaBoost (Adaptive Boosting)
TheAdaBoost is a different type of ensemble algorithm,
and it combines several poor classifiers, usually
decision stumps, into one, more elaborate, classifier.
The algorithmdynamically updates theweights of data
points incorrectly classified during previous iterations
thus allowing the sequence to learn in each iteration
based on previous errors, and to attain better accuracy
especially on hard examples. Finally, the ensemble
forecast is obtained as a weighted majority vote of all
weak learners where the more accurate models have a
high weight [24].

H(x) = sign
(

T∑
t=1

αtht(x)

)
(7)

Define ht(x) as the weak learner at iteration t, αt as the
weight placed on ht(x) proportional to the accuracy
of that learnt, T as the overall number of iteration
and sign() as the predicted class as provided by the
weighted sum.

3.11 Support Vector Machine (SVM)
Support Vector Machine (SVM) is a supervised
learning algorithm and itmajorly falls under the binary
classification algorithm. It builds a hyper-plane that
maximizes the margin between the two classes, the
maximum margin being the distance perpendicular
between the plane and the point on each class closest
to the plane, the so-called support vectors. This
construction empowers the model to have a broader
generalization capacity. In those cases where the
data can be linearly separated, SVM establishes a
convex optimization problem to establish the optimal
separating hyper-surface [25].

f(x) = sign (wTx+ b
)

yi
(
wTxi + b

)
≥ 1, ∀i

(8)

where w is the weight vector orthogonal to the hyper
plane, b is the bias term, x is the input feature vector
and y is the class they are labelled to, yi ∈ {−1,+1}
is the class label, and f(x) predicts the class based on
the sign of the linear function.

3.12 K-Nearest Neighbors (KNN)
K-Nearest Neighbors (KNN) is a non-parametrical
algorithm that is straightforward, but can be very
powerful at the same time. It determines the nearest

subset of k data points in the feature space, called its
k-nearest neighbors, and the class that the majority of
them falls into is the one assigned to a newly added
data point. KNN is highly flexible in that it does
not have assumptions concerning the underlying data
distribution hence is highly applicable in a large range
of classification tasks. It depends on optimumselection
of the values of k (and distance metric) to be effective
in practice [26].

ŷ = mode {yi | xi ∈ Nk(x)} (9)

Denote the set of the k nearest neighbors of x byNk(x),
the class label yi of neighbor xi by yi and the most
frequent class label among the neighbors by the mode.

3.13 Ridge Classifier
Ridge Classifier is a linear form of classification which
uses L2 regularization to reduce the over-fitting in
order to enhance the level of generalization. Its
functionality is similar to that of Ridge Regression but
is adapted to classification, i.e. applying a regression
output threshold to classification. The L2 penalty
reduces the coefficients in a penalized proportion
law to the value of their magnitude; the penalty
therefore limits the complexity of themodel and solved
multicollinearity [27].

L(w) =
n∑
i=1

(
yi − wTxi

)2
+ λ‖w‖22 (10)

where using formal notation, we write the weight
vector as w, the feature vector of sample ith as xi, and
the numerically experienced label of a sample as yi.
Moreover, they consider a regularization parameter,
which controls the strength of the penalty, and labeled
it as λ, and the squared L2 norm (the one resulting
in the coefficients squared sum) and referred to it as
‖w‖22.

3.14 Extra Trees (ET)
An improvement of Random Forests, Extra Trees
generates ensemble models whose splits at each node
is allocated about randomly to a comparatively lower
variance at the expense of possible higher bias.

3.15 XGBoost
A gradient-boosting process that is optimized in order
to approximate the second order of the loss function
thus minimizing bias and variance at the same time.
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3.16 Decision Tree (DT)
Decision trees are simple- to-interpret the models
that divide the input space into regions with binary
subdivisions based on the values of features that result
in reduced measures of impurity (gini impurity or
entropy).

3.17 LDA (Linear Discriminant Analysis)
Linear Discriminant Analysis (LDA) is one of these
methods that are dimensionality-reducing and when
a dimensionality reduction occurs, it aims, in this
way, at trying to increase the separation of the distinct
classes by maximizing the between-class variance and
minimizing the within-class variance. The result is
the linear form that enhances the differentiation of the
different categories.

3.18 Naive Bayes (NB)
Naive Bayes Probabilistic classifier that uses Bayes
theorem and makes an assumption that given
a single feature, features in the input will be
independent of each other, given the label of the class.
Nonetheless, such a simple assumption, though it is
called naive, proves efficient in most projects; text
categorization and spam filtering are two examples
of such applications using NB that calculates the
posterior probability of each category and accepts the
categorization with the highest likelihood [28, 29].

P (y | x) =
P (y)

∏n
i=1 P (xi | y)

P (x)
(11)

where P (y) is the prior probability of class y, P (xi | y)
is the conditional probability of feature xi given class
y, and P (x) is the marginal probability of the input,
often omitted in classification as it remains constant
across classes.

3.19 Hyper-parameter Tuning and Model
Evaluation

Model hyperparameter tuningwas performed through
Grid Search and Randomized Search performed by the
PyCaret system, which, respectively, execute a search
within the hyper-parameter space to find optimal
parameter values yielding a peak performance. The
model performance was measured through the 10-fold
cross-validation process that has become common
practice because it reduces the variances and helps
to generalize. Testing would be performed based on
a set of metrics comprising accuracy, precision, recall,
F1-score, Cohen Kappa and the Matthews Correlation

Coefficient (MCC). Among them, MCC is extremely
interesting since it combines all the four elements of
the confusion matrix and is not subject to the problem
of class imbalance [30, 31].

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(12)

Under these conditions, TP is the number of True
Positives, TN is the number of True Negatives, FP is
the number of False Positives and FN is the number of
False Negatives.

3.20 Feature Importance and Fairness Analysis
Importance of the features was next estimated with
Random Forest and XGBoost, where socio-economic
(Q6, Q7, Q10, Q14) factors stood out as the most
important predictors of climate footprint. To give an
additional rigor, predictor variables have been assessed
in this study through the automated procedure
in PyCaret. It combined two selection strategies,
recursive feature elimination (RFE) and feature
importance analysis. RFE continues by sequentially
dropping the least informative characteristics, whereas
analysis of the feature key uses the determination of
how strongly a feature is associated with the target
variable. During the processes, the predictively salient
variables were isolated through the analysis. We also
conducted a fairness analysis to analyze bias among
groups and correcting techniques used to ensure fair
prediction [32].

3.21 Tools and Technologies Used
All analysis were conducted in Python using PyCaret,
scikit-learn, pandas, matplotlib, and seaborn packages.
Use of ROC curves, confusion matrix, and feature
importance plot helped on explaining the model. All
experiments were repeatable using the same random
seed for reproducibility.

4 Experiments
The discussion that ensues lays out empirical findings
that are related to the interaction between SME
characteristics, perceived climate risks, and relevant
adaptation strategies. To this effect, Ordered
Logistic Regression was used to interrogate the role
of industry sector, geographic location, perceived
financial exposure and other factors in determining
exposure of firms to extreme weather event as
reported by the firms. The significance levels of each
variable help identify key drivers of climate impact
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on businesses, offering insights into targeted areas for
policy and adaptive interventions.

Table 1 summarizes the complete Ordered Logistic
Regression results, providing coefficient estimates,
statistical significance, and effect sizes for all predictor
variables in the climate impact assessment model.
The significance levels of each variable help identify
key drivers of climate impact on businesses, offering
insights into targeted areas for policy and adaptive
interventions.

Table 1. Ordered logistic regression results on climate
impact.

Variable Coefficient Std. Error z-value p-value Significance
Q1 -0.817 0.570 -1.433 0.152
Q2 2.074 2.761 0.751 0.453
Q3 -2.520 1.323 -1.904 0.057 † (marginal)
Q4 -1.882 1.113 -1.690 0.091 † (marginal)
Q6 2.613 1.239 2.109 0.035 *
Q7 2.967 1.256 2.362 0.018 **
Q8 -0.604 0.719 -0.840 0.401
Q9 -1.602 1.372 -1.167 0.243
Q10 -1.040 0.851 -1.222 0.222
Q11 0.669 0.928 0.720 0.471
Q12 1.316 1.044 1.260 0.208
Q13 -0.803 0.927 -0.866 0.387
Q14 -0.208 0.460 -0.452 0.652

4.1 Interpretation of ordered logistic regression
The results found by the ordered logistic regression
show that there are two predictor variables which are
considered significant at p-levels. The geographic
location (Q3) and firm age (Q4) were found
to be marginally significant, which represent the
possibility of influence of confounding factors. The
threshold analysis in Table 2 indicates that the
boundaries between medium and high impact
categories (thresholds 2/3 and 3/4) are statistically
well-defined (p < 0.001), while the transition between
low and medium impact (threshold 1/2) lacks
statistical significance (p = 0.334). The rest of variables
showed no significance to reach typical limits of
statistics; however, they can be considered potentially
important in later studies anywhere.

Table 2. Model thresholds (Cut Points).
Threshold Estimate Std. Error z-value p-value Significance
1/2 -7.346 7.607 -0.966 0.334
2/3 2.154 0.387 5.564 0.000 ***
3/4 1.527 0.403 3.785 0.000 ***

Significance Codes: *** p < 0.001; ** p < 0.01; * p <
0.05; † 0.05 < p < 0.10 (marginal)

4.2 Comprehensive Model Performance Evaluation
Table 3 presents a systematic comparison of all
15 machine learning classifiers evaluated in this
study, providing a comprehensive overview of their
performance across eight different evaluation metrics.
This comparative analysis serves as the foundation for
selecting the most appropriate algorithms for climate
impact classification in SME vulnerability assessment.

4.3 Random Forest Classifier
As evidenced by the comprehensive comparison in
Table 3, among the tested range of models, Random
Forest classifier showed the highest score of predictive
accuracy (57.5) and balanced metrics on recall,
F1-score, Kappa and MCC. Whereas the AUC of
XGBoost was the largest (0.271), the model that the
analysis chose was the Random Forest because it
had the best overall trade-off between accuracy and
complexity, which was supported by the confusion
matrix (Figure 3).

Figure 3. Confusion matrix of the Random Forest Classifier.

4.4 ROC Curves for the Random Forest Classifier
Figure 4 shows that the Random Forest classifier
demonstrates near-perfect discriminative ability for
classifying climate impact levels on businesses, with
AUC values of 0.94, 1, and 1 for classes 0, 1, and 2,
respectively. The micro-averaged and macro-averaged
AUC of 0.99 strongly proves that the model is very
robust and consistent enough to classify and predict
the impact of climate changes on businesses in Pakistan.

4.5 Feature Importance Plot
Figure 5 highlights that Q14, Q6, and Q7 emerged as
the most influential predictors of climate impact on
businesses, reflecting key aspects of vulnerability or
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Figure 4. ROC curves for the Random Forest Classifier.

adaptive capacity. The feature importance, calculated
using the mean decrease in Gini impurity in PyCaret,
ranks variables by their contribution to reducing
classification uncertainty, offering valuable insight into
the drivers of climate-related risks.

4.6 Comparison of Classifier Performance
Table 4 presents the optimized classifier performance
results using PyCaret with fixed random seed,
revealing significant performance improvements. It
has been formed that the Logistic Regression (LR) is
the best model, with better accuracy (63.3 %); better
recall, F1-score, Kappa (0.230), and MCC (0.259). It
worked better than more complicated versions like
Random Forest and LightGBM. The second point
is the comparable high accuracies acquired by the
other classifiers indicate the dominating effect of data

Figure 5. Feature importance plot for the Random Forest
Classifier.

splitting on the performance of the small amount of
data, and the comparatively high agreement with the
ground-truth labels highlights both interpretability
and robustness of LR.

4.7 Tree-Based Model Performance Comparisons
As shown in Table 5, among ensemble methods,
Random Forest demonstrated the best trade-offs
between accuracy and agreement metrics. Among
ensemble Random Forest had the best trade-offs
between accuracy, F1-score, and agreement such as
Kappa and MCCs. Extra Trees came on the heels
in terms of consistency, LightGBM, though being
equally accurate, showed a decreased correlation
and thus, Random Forest was found to be the most
reliable classifier to foretell the impacts of climate on
businesses.

Table 3. Comparative performances of classification models based on evaluation metrics.

Model Accuracy AUC Recall Precision F1-Score Kappa MCC Time (s)
Random Forest (RF) 0.575 0.250 0.575 0.508 0.497 0.196 0.237 0.181
Quadratic Discriminant (QDA) 0.550 0.000 0.550 0.325 0.403 0.000 0.000 0.031
LightGBM 0.550 0.200 0.550 0.325 0.403 0.000 0.000 0.035
Dummy Classifier 0.550 0.200 0.550 0.325 0.403 0.000 0.000 0.026
Gradient Boosting (GBC) 0.542 0.000 0.542 0.425 0.466 0.176 0.190 0.232
AdaBoost 0.525 0.000 0.525 0.428 0.452 0.047 0.070 0.088
Logistic Regression (LR) 0.492 0.000 0.492 0.494 0.462 0.077 0.109 1.260
SVM (Linear Kernel) 0.492 0.000 0.492 0.492 0.456 0.140 0.155 0.031
K-Nearest Neighbors (KNN) 0.483 0.194 0.483 0.386 0.396 0.010 0.025 0.050
Ridge Classifier 0.458 0.000 0.458 0.433 0.407 0.047 0.059 0.035
Extra Trees (ET) 0.450 0.179 0.450 0.406 0.396 0.050 0.056 0.151
XGBoost 0.442 0.271 0.442 0.319 0.349 0.061 0.065 0.060
Decision Tree (DT) 0.417 0.258 0.417 0.439 0.398 0.145 0.193 0.036
Linear Discriminant (LDA) 0.392 0.000 0.392 0.350 0.340 -0.043 -0.053 0.030
Naive Bayes (NB) 0.325 0.213 0.325 0.312 0.277 0.014 0.025 0.029
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Table 4. Comparison of classifier performance (PyCaret, Seed = 786).

Model Accuracy AUC Recall Precision F1-Score Kappa MCC Time (s)
Logistic Regression 0.6333 0.0000 0.6333 0.5222 0.5522 0.2300 0.2587 0.7910
Ridge Classifier 0.5667 0.0000 0.5667 0.4444 0.4878 0.1943 0.2000 0.0250
Random Forest 0.5667 0.1667 0.5667 0.4833 0.5011 0.1900 0.1862 0.1590
Quadratic Discriminant 0.5667 0.0000 0.5667 0.3444 0.4233 0.0000 0.0000 0.0460
LightGBM 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.0390
Dummy Classifier 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.0240
SVM (Linear Kernel) 0.5333 0.0000 0.5333 0.4111 0.4511 0.1943 0.2000 0.0310
AdaBoost 0.5333 0.0000 0.5333 0.5167 0.4978 0.1300 0.1587 0.0930
Extra Trees 0.5333 0.1250 0.5333 0.4833 0.4789 0.1100 0.1225 0.1490
K Nearest Neighbors 0.5000 0.1583 0.5000 0.3222 0.3833 -0.0500 -0.0500 0.0510
XGBoost 0.5000 0.1000 0.5000 0.4444 0.4500 0.1843 0.1862 0.0720
Naive Bayes 0.4667 0.1333 0.4667 0.5444 0.4722 0.1386 0.1750 0.0420
Decision Tree 0.4333 0.1750 0.4333 0.3722 0.3644 0.0143 0.0475 0.0280
Linear Discriminant 0.4333 0.0000 0.4333 0.4111 0.4056 0.0243 0.0362 0.0240
Gradient Boosting 0.3667 0.0000 0.3667 0.3667 0.3278 -0.0086 -0.0138 0.2130

Table 5. Tree-based model performance comparisons.

Model Accuracy AUC Recall Precision F1-Score Kappa MCC Time (s)
Random Forest Classifier 0.5667 0.1667 0.5667 0.4833 0.5011 0.1900 0.1862 0.1630
LightGBM 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.0360
Extra Trees Classifier 0.5333 0.1250 0.5333 0.4833 0.4789 0.1100 0.1225 0.1420
Decision Tree Classifier 0.4333 0.1750 0.4333 0.3722 0.3644 0.0143 0.0475 0.0460
Gradient Boosting Classifier 0.3667 0.0000 0.3667 0.3667 0.3278 -0.0086 -0.0138 0.2310

Table 6. Tree-based models – Scoring Grid.

Model Accuracy AUC Recall Precision F1-Score Kappa MCC Time (s)
Random Forest Classifier 0.5667 0.1667 0.5667 0.4833 0.5011 0.1900 0.1862 0.163
Light Gradient Boosting 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.036
Extra Trees Classifier 0.5333 0.1250 0.5333 0.4833 0.4789 0.1100 0.1225 0.142
Decision Tree Classifier 0.4333 0.1750 0.4333 0.3722 0.3644 0.0143 0.0475 0.046
Gradient Boosting Classifier 0.3667 0.0000 0.3667 0.3667 0.3278 -0.0086 -0.0138 0.231

4.8 Tree-Based Models
The scoring grid in Table 6 further confirms Random
Forest’s superior performance among tree-based
classifiers. The scoring grid also supports the
argument that Random Forest classifier provided best
combination of accuracy (56.67 %), F1-score (0.5011),
and agreement (Kappa = 0.1900, MCC = 0.1862)
compared to any other of the tested models. Though
LightGBM gave incremental improvements in certain
individual measures, lack of consistency in agreement
indicates a problem with calibration, which makes
the Random Forest the most reliable model in this
classification problem.

4.9 Evaluation Metrics for Classification Models
Table 7 summarizes the comprehensive evaluation
metrics for all classification models, with Logistic
Regression emerging as the top performer. When
emphasizing Recall to maximize the identification
of highly impacted businesses, Logistic Regression
emerged as the strongest model (Recall = 0.6333),
with superior F1-score, Kappa, and MCC indicating
robust and stable performance. While Ridge Classifier
and Random Forest followed closely (Recall = 0.5667),
Logistic Regression proved to be the most reliable and
interpretable option for true positive detection in this
climate impact classification task.
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Table 7. Evaluation metrics for classification models predicting business impact.
Model Accuracy AUC Recall Precision F1-Score Kappa MCC Time (s)
Logistic Regression 0.6333 0.0000 0.6333 0.5222 0.5522 0.2300 0.2587 0.0540
Ridge Classifier 0.5667 0.0000 0.5667 0.4444 0.4878 0.1943 0.2000 0.0280
Random Forest Classifier 0.5667 0.1667 0.5667 0.4833 0.5011 0.1900 0.1862 0.2350
QDA (Quadratic Discriminant) 0.5667 0.0000 0.5667 0.3444 0.4233 0.0000 0.0000 0.0460
LightGBM 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.0390
Dummy Classifier 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.0240
SVM (Linear Kernel) 0.5333 0.0000 0.5333 0.4111 0.4511 0.1943 0.2000 0.0310
Ada Boost Classifier 0.5333 0.0000 0.5333 0.5167 0.4978 0.1300 0.1587 0.0930
Extra Trees Classifier 0.5333 0.1250 0.5333 0.4833 0.4789 0.1100 0.1225 0.1620
K Neighbors Classifier 0.5000 0.1583 0.5000 0.3222 0.3833 -0.0500 -0.0500 0.0410
XGBoost 0.5000 0.1000 0.5000 0.4444 0.4500 0.1843 0.1862 0.0520
Naive Bayes 0.4667 0.1333 0.4667 0.5444 0.4722 0.1386 0.1750 0.0290
Decision Tree Classifier 0.4333 0.1750 0.4333 0.3722 0.3644 0.0143 0.0475 0.0300
Linear Discriminant Analysis 0.4333 0.0000 0.4333 0.4111 0.4056 0.0243 0.0362 0.0370
Gradient Boosting Classifier 0.3667 0.0000 0.3667 0.3667 0.3278 -0.0086 -0.0138 0.2880

Table 8. Scoring metrics and their configurations in model evaluation.
ID Display Name Score Function Scorer Target Args Greater is Better Multiclass Custom
acc Accuracy accuracy_score make_scorer(accuracy_score) pred {} Yes Yes No
auc AUC roc_auc_score make_scorer(roc_auc_score) pred_proba {'average': 'weighted', 'multi_class': 'ovr'} Yes Yes No
recall Recall recall_score make_scorer(recall_score) pred {'average': 'weighted'} Yes Yes No
precision Precision precision_score make_scorer(precision_score) pred {'average': 'weighted'} Yes Yes No
f1 F1 f1_score make_scorer(f1_score) pred {'average': 'weighted'} Yes Yes No
kappa Kappa cohen_kappa_score make_scorer(cohen_kappa_score) pred {} Yes Yes No
mcc MCC matthews_corrcoef make_scorer(matthews_corrcoef) pred {} Yes Yes No

4.10 Scoring Metrics and Their Configurations in
Model Evaluation

The scoring metrics configuration used in our model
evaluation, detailed in Table 8, ensured comprehensive
performance assessment. The classification task in
question has its multiclass evaluation metrics namely
Accuracy, AUC, Recall, Precision, F1-score, Kappa,
and MCC also provided by PyCaret. All these are
optimized such that the increased results imply better
functioning of themodel. AlthoughAccuracy provides
a good idea, Kappa and MCC provide a more subtle
view on inter-class agreement or balance, respectively,
which is invaluable to model evaluation and parameter
adjustment exercise.

4.11 Evaluation Metrics for Classification Models
Table 9 has pitted all the evaluation measures of the
classifiers. The best scores are obtained with Logistic
Regression: accuracy (63.33%), recall (64.67%), F1-
score (64.38%), Kappa (0.230), and MCC (0.2587).
The results obtained by Ridge Classister and Random
Forest are similar, whereas the results adopted by
QDA, LightGBM, and Dummy Classifier are very
different (with values of Kappa and MCC being far
particular low). This shows that there is limited
concordance between the classes compared. In turn,

the Logistic Regression is an attractive choice in terms
of its interpretability and forecasting power.

4.12 Cross-Validations and Training Metrics
The cross-validation results presented in Table 10
are further illustrated in Figure 6, which provides
a comprehensive view of the Logistic Regression
model’s performance consistency across different
evaluation metrics. The model showed strong and
consistent performance during training, with high
cross-validated accuracy (74.44%) and recall, but
experienced a noticeable generalization gap on testing,
with accuracy dropping to 63.33% and F1-score to
55.22%. Despite issues like zero AUC and variability
across folds, its interpretability and strong recall make
it a suitable choice for applications prioritizing the
detection of true positives, such as climate impact
assessment.
Tables 11, 12, 13, and 14 show before tuning, the
Decision Tree model performed poorly with low
accuracy (43.33%) and weak agreement metrics
(Kappa = 0.0143, MCC = 0.0475), but tuning
substantially improved its accuracy (56.67%), recall,
and F1-score (0.5367), indicating better predictive
balance despite some fold-to-fold instability. Further
enhancement was achieved through Bagging, which
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Table 9. Evaluation metrics for classification models predicting business impact.
Model Accuracy AUC Recall Precision F1-Score Kappa MCC Custom Metric Time (s)
Logistic Regression 0.6333 0.0000 0.6333 0.5222 0.5522 0.2300 0.2587 0.0000 0.0570
Ridge Classifier 0.5667 0.0000 0.5667 0.4444 0.4878 0.1943 0.2000 0.0000 0.0440
Random Forest Classifier 0.5667 0.1667 0.5667 0.4833 0.5011 0.1900 0.1862 0.0000 0.1560
QDA 0.5667 0.0000 0.5667 0.3444 0.4233 0.0000 0.0000 0.0000 0.0260
LightGBM 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.0000 0.0380
Dummy Classifier 0.5667 0.1500 0.5667 0.3444 0.4233 0.0000 0.0000 0.0000 0.0250
SVM (Linear Kernel) 0.5333 0.0000 0.5333 0.4111 0.4511 0.1943 0.2000 0.0000 0.0600
Ada Boost Classifier 0.5333 0.0000 0.5333 0.5167 0.4978 0.1300 0.1587 0.0000 0.0850
Extra Trees Classifier 0.5333 0.1250 0.5333 0.4833 0.4789 0.1100 0.1225 0.0000 0.1730
K Neighbors Classifier 0.5000 0.1583 0.5000 0.3222 0.3833 -0.0500 -0.0500 0.0000 0.0610
XGBoost 0.5000 0.1000 0.5000 0.4444 0.4500 0.1843 0.1862 0.0000 0.0590
Naive Bayes 0.4667 0.1333 0.4667 0.5444 0.4722 0.1386 0.1750 0.0000 0.0420
Decision Tree Classifier 0.4333 0.1750 0.4333 0.3722 0.3644 0.0143 0.0475 0.0000 0.0460
Linear Discriminant Analysis 0.4333 0.0000 0.4333 0.4111 0.4056 0.0243 0.0362 0.0000 0.0270
Gradient Boosting Classifier 0.3667 0.0000 0.3667 0.3667 0.3278 -0.0086 -0.0138 0.0000 0.2620

Table 10. Cross-validations and training metrics summary
for model performance.

Metric CV-Train Mean CV-Val Mean Train Score CV-Val Std. Dev
Accuracy 0.7444 0.6333 0.7333 0.1795
AUC 0.0000 0.0000 0.9190 0.0000
Recall 0.7444 0.6333 0.7333 0.1795
Precision 0.8244 0.5222 0.8187 0.2620
F1 Score 0.7117 0.5522 0.6987 0.2120
Kappa 0.4830 0.2300 0.4570 0.3551
MCC 0.5645 0.2587 0.5441 0.3896

Figure 6. Logistic regression cross-validation Performances.

maintained the improved accuracy (56.67%) and
demonstrated stronger agreement (Kappa = 0.24,
MCC = 0.2837), while Boosting lagged behind with
weak accuracy (36.67%) and poor class discrimination,
making Bagging the more reliable ensembling strategy
for this classification task.

4.13 Logistic classifications Report
The comprehensive classification report presented in
Figure 7 provides detailed insights into the Logistic
Regression model’s performance across different
climate impact categories. The report indicates that

the model achieves superior performance on class
1 with precision: 0.667, recall: 0.750, and F1-score:
0.706, suggesting this class is well-represented in the
training data. However, performance degrades for
class 2, which shows lower recall (0.333) and F1-score
(0.400). This disparity highlights the presence of
class imbalance in the dataset, where implementing
techniques such as stratified sampling, class weighting,
or synthetic data generation could enhance predictive
consistency across all vulnerability levels.

Figure 7. Logistic classifications report.

5 Conclusion
This empirical study outlines that SMEs in Pakistan’s
rural areas face heightened exposure to climate-related
risks such as floods and droughts. Using advanced
machine learning methods including ordered logistic
regression (OLR), logistic regression (LR), and
random forest (RF), the analysis confirms that rural
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Table 11. Default decision tree model performances (Before Tuning).

Metric Accuracy AUC Recall Precision F1 Score Kappa MCC
Mean 0.4333 0.175 0.4333 0.3722 0.3644 0.0143 0.0475
Std Dev 0.1528 0.275 0.1528 0.2789 0.2002 0.3191 0.3592

Table 12. Tuned decision tree model performance (After Hyper-parameter Tuning).

Metric Accuracy AUC Recall Precision F1 Score Kappa MCC
Mean 0.5667 0.1583 0.5667 0.5556 0.5367 0.21 0.2449
Std Dev 0.2134 0.2673 0.2134 0.3093 0.2434 0.4346 0.477

Table 13. Ensemble with bagging (ensemble model).

Metric Accuracy AUC Recall Precision F1 Score Kappa MCC
Mean 0.5667 0.2 0.5667 0.5444 0.5144 0.24 0.2837
Std Dev 0.2134 0.3078 0.2134 0.3641 0.282 0.398 0.4266

Table 14. Ensemble with boosting (ensemble model (dt, method=’Boosting’)).

Metric Accuracy AUC Recall Precision F1 Score Kappa MCC
Mean 0.3667 0 0.3667 0.3611 0.3222 0.0214 0.0225
Std Dev 0.1795 0 0.1795 0.3645 0.2531 0.2876 0.3528

enterprises are more vulnerable. LR achieved the best
overall accuracy and recall at 63.3%, demonstrating
strong predictive value in assessing climate risk
to business continuity. These findings supported
by OLR are that people who were aware of an
increase or decrease in temperature (p = 0.035) and
expected financial consequences (p = 0.018) have
a large influence upon the level of incidence but
geographical location (p = 0.057) and the years of
existence of the business (p = 0.091) did not have
much effect. Overall, the buckled temperature and
perceived financial effects have been found to be the
key risk factors. Correspondingly, the paper should
provide policy recommendations that will comprise:
(a) better infrastructure, (b) specific funds allocation,
and (c) improved governance in the rural areas. By
emphasizing the enhanced accuracy of predictions that
can be achieved in cases where machine-learning tools
are used to complement sector-specific data, the study
also highlights the increased value of the study itself
and the quality of effective action strategies targeting
resilience enhancement of SMEs at the vulnerable
locations of Pakistan.

The above research highlights the necessity of the
further creation of spatially and time more accurate
estimates of the effects of the climate on small-
and medium-sized enterprises (SMEs), especially

concerning local flood patterns dependent on the
variation in temperature. Including more inputs in
the dataset, both sectoral and regional, across Pakistan,
researchers could significantly narrow the gap of the
model performance and gain more knowledge of
vulnerability. I would also suggest the introduction of
more complexmachine learning techniques (especially
deep learning and ensemble tools), which proved to
increase the precision of the predictions and identify
hidden patterns in the data. An analysis over time
is also necessary in monitoring the changes in the
adaptation strategies of SMEs and contemplating
on their sustainability. Lastly, connections between
predictive models and early warning systems and
local governance processes may provide SMEs with
currently responsive help. Embedding the resulting
insights into national policy ought to allow a more
effective, fairer, data-based resource management
practice.
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