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ABSTRACT

Klebsiella pneumoniae is a critical Gram-negative pathogen frequently associated with severe hospital-
acquired infections, including pneumonia, urinary tract infections, and bloodstream infections. Its increasing
multi-drug resistance, particularly to carbapenems, poses a significant global health challenge. Biofilm
formation is a key virulence factor, allowing K. pneumoniae to persist on medical devices and evade
antibiotic treatment. This study aimed to develop a predictive model to quantify the individual and
synergistic effects of key environmental factors, namely temperature, pH, glucose and sodium chloride
(NaCl) concentrations, on K. pneumoniae biofilm formation. To establish the intricate relationships between
these environmental parameters and biofilm development, and to construct a robust predictive model,
experimental data were analysed using statistical regression and machine learning approaches to construct a
predictive model. Among the tested models, XGBoost demonstrated the best predictive performance (R* =
0.6209, Adjusted R? = 0.6209, RMSE = 1.2355, MAE = 0.9384). Feature importance analysis revealed
temperature and glucose concentration as the most influential factors, significantly impacting biofilm
formation. Partial dependence analysis showed optimal biofilm production was observed at neutral pH and
glucose concentrations over 1%, with high temperatures. In addition, high NaCl concentrations significantly
stimulated biofilm formation. These findings provide valuable insights into the regulation of K. pneumoniae
biofilm formation, which could have practical uses in diverse industrial, medical, and food safety settings.

Keywords: Klebsiella pneumoniae, Biofilm formation, Machine learning, XGBoost, Growth parameters

*Corresponding Author: Ergin Murat Altuner
& awad1996@yahoo.com (N. Alalaqi) 0000-0002-0551-7629 R https://ror.org/015scty35
& ergin.murat.altuner@gmail.com (E.M. Altuner) 0000-0001-5351-8071 R https://ror.org/015scty35

Research Article; Received: October 23, 2025; Accepted: March 03, 2026

Cite this article as: Alalaqi, N., Altuner, E.M., Development of a machine learning-based predictive model for Klebsiella
pneumoniae biofilm formation. Commun.Fac.Sci. Univ.Ank.Ser.C Biology, 35 (1) (2026), 34-51.
https://doi.org/10.53447/communc. 1809445

Published by Ankara University Press on behalf of the Faculty of Science.
BY NC This is an open-access article under the Creative Commons Attribution Non-Commercial 4.0 International (CC BY-NC 4.0) License.

1 Introduction

Biofilms are intricate microbial environments with microorganisms embedded in an organic polymer matrix. The

diverse structural and compositional characteristics of environmental niches, ranging from natural aquatic systems to

medical devices, often make their uniform classification challenging. To reflect this extensive variability and broadly
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encompass such microbial aggregations, any microbial species immobilised within a matrix is generally termed a
'biofilm' [1]. Biofilms produced by microorganisms in aquatic settings can be advantageous or detrimental.
Microorganisms can produce biofilms both in natural and artificial environments [2]. These biofilms are believed to
be responsible for 65% of infections in hospitals [3-7]. Biofilms are structured communities embedded in an
extracellular polymeric substance (EPS) matrix, which enhances mechanical stability and antimicrobial tolerance [8-
11].

Among the most significant biofilm-associated pathogens is Klebsiella pneumoniae, a Gram-negative bacterium
recognised as a leading cause of severe nosocomial infections, including pneumonia, urinary tract infections,
bloodstream infections, and surgical site infections [12,13]. The ability of K. pneumoniae to form biofilms is a
critical virulence factor, enabling its persistence on medical devices such as catheters and ventilators, and
contributing directly to its alarming rates of multi-drug resistance, particularly carbapenem resistance (CRKP) [14-
16]. Therefore, understanding the factors influencing K. pneumoniae biofilm formation is vital for developing
effective control and treatment strategies.

Environmental conditions play a crucial role in regulating bacterial biofilm development [17]. Specifically,
temperature, pH, glucose concentration, and sodium chloride (NaCl) concentration are well-known physicochemical
parameters that can significantly modulate microbial growth and biofilm architecture [18,19]. While the general
impact of these factors on biofilm formation is recognised, their individual and synergistic effects on K. pneumoniae
biofilm production, and the development of a quantitative predictive model, provide a quantitative framework for
evaluating the individual and combined effects of environmental factors on K. pneumoniae biofilm formation,
supporting data-driven strategies for its control. Additionally, it provides a valuable tool for understanding the
complex interactions among these factors, which can inform targeted strategies to combat K. prneumoniae-related
issues.

Therefore, this study aimed to develop a robust predictive model to assess and quantify the individual and combined
effects of temperature, pH, glucose concentration, and sodium chloride concentration on Klebsiella pneumoniae
biofilm formation. This model is expected not only to quantify the environmental regulation of K. pneumoniae
biofilm formation but also to bridge experimental microbiology with predictive analytics, introducing a novel data-
driven framework for understanding complex microbial behaviours.

2 Method

2.1 Microorganism Used

The Klebsiella pneumoniae ATCC BAA-1706 strain was acquired from ThermoScientific and maintained as a
freeze-dried stock. For experimental use, the strain was activated by culturing on Luria-Bertani (LB) agar (Merck,
Germany) at 37°C for 24 hours and subsequently subcultured twice on fresh LB agar under the same conditions to
ensure viability and purity.

2.2 Biofilm Formation Under Varying Environmental Conditions

Biofilm development was carried out using a sterile, U-bottomed 96-well plate. Tryptic Soy Broth (TSB) (Merck,
Germany) was used as the culture medium. Biofilm formation was investigated across three pH levels (5, 7, and 9),
three sodium chloride concentrations (0%, 3.75%, and 7.5%), and three glucose concentrations (0%, 1%, and 2%).
All chemicals, including glucose and sodium chloride, were purchased from Merck, Germany.

The inoculum standardised to 0.5 McFarland (=1.5 x 108 CFU/mL) was prepared. For each well, 200 pL of the TSB
medium was inoculated with 10 pL of the standardised bacterial suspension. The plates were then incubated for 48
hours at three different temperatures (15°C, 30°C, and 45°C) without agitation, and the medium was not changed
throughout the incubation period. Six replicates were used in the research for each condition [20].
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2.3 Biofilm Quantification using Crystal Violet Assay

The biofilm formed after incubation was quantified using the crystal violet (CV) assay. Following the 48-hour
incubation, the contents of each well were discarded, and the plates were gently washed three times with 200 uL of
sterile 0.9% (w/v) NaCl solution per well to remove non-adherent cells. After the final wash, the plates were inverted
and air-dried at room temperature for 15 minutes. Subsequently, 200 pL of a 0.1% (w/v) crystal violet solution was
added to each well, and the plates were incubated at room temperature for 30 minutes. The excess CV dye was then
removed, and the wells were washed three more times with sterile NaCl solution and left to air dry again. To
solubilise the bound crystal violet, 200 uL of an ethanol:acetone (70:30) solution was added to each well and allowed
to stand for 30 minutes at room temperature. The resulting coloured solution from each well was then transferred to a
new, sterile flat-bottom 96-well plate to avoid interference from any residual material in the original plate. The
absorbance was measured at 595 nm using a plate reader (BioTek, USA), and values were background-corrected
against blank wells [20].

2.4 Optimisation Experimental Design

A fractional factorial design (FFD) (3%!) was initially employed to screen the influential parameters and investigate
their main effects. All experimental runs in the FFD were conducted in six replicates. Recognising the need for a
more comprehensive understanding and to model quadratic effects and interactions, a Central Composite Design
(CCD) was subsequently implemented. The CCD points were integrated with the FFD runs, allowing for the
development of a robust model. Additionally, eleven central point observations were included within the CCD to
estimate experimental error and assess curvature.

2.5 Statistical Analysis

All experiments were conducted in six independent replicates (n=6). Statistical analyses were performed using R
Studio 2025.09.1 [21].

Initial data screening included an Interquartile Range (IQR) test for outlier detection. Identified outliers were
removed in a single iterative step to minimise distortion of data distribution while preserving integrity, ensuring no
excessive data trimming occurred. Data normality was assessed using the Shapiro-Wilk test, and homogeneity of
variances was evaluated using Levene's test. As the raw data consistently deviated from a normal distribution, a
series of transformations, including logarithmic, square root, inverse, exponential, Box-Cox, Yeo-Johnson, and Z-
score, were applied. The Box-Cox transformation was ultimately selected for subsequent analyses due to its superior
efficacy in reducing data skewness and kurtosis, as evidenced by achieving the lowest Coefficient of Variation,
thereby bringing the data closest to a normal distribution.

Despite the Box-Cox transformation, full adherence to normality or homoscedasticity could not be achieved across
all variables. Consequently, non-parametric statistical tests were employed where appropriate. Specifically, the
Kruskal-Wallis test (o = 0.05) was utilised to identify significant differences among experimental conditions,
followed by Dunn's post-hoc test with Bonferroni correction for pairwise comparisons.

To further investigate the main and interaction effects of the independent parameters on the Box-Cox transformed
absorbance, a Permutation-based ANOVA was also conducted with 9999 permutations. This non-parametric method
was chosen due to the persistent non-normality of the data even after transformation.

The bivariate relationships among variables were explored through Spearman's rank correlation analysis, a non-
parametric method selected due to the persistent deviation from full normality in the transformed data. A significance
level of a = 0.05 was maintained for all inferential statistical tests.

A diverse array of regression models was employed to rigorously investigate the relationship between the

independent parameters (temperature, pH, glucose, and NaCl concentrations) and the Box-Cox transformed

absorbance (dependent variable). This comprehensive approach aimed to assess both the individual and interactive

effects of these factors on K. pneumoniae biofilm formation, while also exploring a wide spectrum of model
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complexities.

The modelling suite included traditional statistical regression methods such as Linear, Quadratic, Polynomial, Ridge,
Lasso, Elastic Net, and Stepwise regression. In parallel, advanced machine learning algorithms, which are
particularly adept at capturing non-linear relationships and interactions, were also applied. These encompassed
Decision Tree, Random Forest, Gradient Boosting, XGBoost, Light GBM, and CatBoost regression models.

Collectively, these models were utilised to provide a thorough assessment of variable relationships and to construct a
robust predictive framework for biofilm absorbance, enabling the identification of the most suitable model for this
dataset.

3 Results and Discussion

The individual and combined effects of temperature, pH, glucose, and sodium chloride (NaCl) concentrations on K.
pneumoniae biofilm formation were rigorously assessed. Non-parametric Kruskal-Wallis tests revealed statistically
significant variations in biofilm production across all tested parameters (p < 0.05 for each factor). This indicated that
at least one level within each environmental factor significantly influenced biofilm development, confirming the
initial hypothesis (Hi). Further pairwise comparisons were performed using Dunn's post-hoc test with Bonferroni
correction to identify specific differences between groups, which are indicated by different letters in Figure 1, Figure
2, Figure 3 and Figure 4.

3.1 Effect of Temperature

Many mushroom species exhibit antioxidant potential due to the presence of bioactive compounds such as phenolics,
flavonoids, and ascorbic acid, which contribute to redox balance and cellular protection [13,14]. In this context, the
present study evaluated the antioxidant parameters of R. chloroides, and the results are summarized in Table 1.

3.2 Effect of pH

Biofilm formation by K. pneumoniae was also significantly influenced by pH values (Figure 2a, 2b, and 2c). pH 7.0
consistently supported higher biofilm biomass across various temperature and nutrient conditions, suggesting it is
near the optimal pH for K. pneumoniae biofilm development. Both acidic (pH 5.0) and alkaline (pH 9.0) conditions
generally led to reduced biofilm formation compared to neutral pH.

3.3 Effect of NaCl Concentration

The concentration of NaCl had a statistically significant impact on K. preumoniae biofilm development (Figure 3a,
3b, and 3c). There are statistically significant differences in biofilm formations in different NaCl concentrations,
highlighting the osmoregulatory challenges for K. preumoniae at elevated salinity.

3.4 Effect of Glucose Concentration

K. pneumoniae biofilm development was significantly impacted by glucose concentration (Figure 4a, 4b, and 4c).
Biofilm production generally increased with increasing glucose concentrations, with 1% and 2% glucose supporting
significantly higher biomass compared to 0% glucose, indicating that glucose serves as a crucial carbon source for
biofilm matrix synthesis and bacterial growth. The highest biofilm levels were often recorded at 2% glucose under
optimal pH and temperature.
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Figure 1: Distribution of absorbances at different temperatures
a) 15°C, b) 30°C, ¢) 45°C (x-axis = T: Temperature, P: pH, N: NaCl (%), and G: Glucose (%) values)
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Figure 2: Distribution of absorbances at different pH values
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Figure 3: Distribution of absorbances at different NaCl concentrations
a) 0%, b) 3.75%, ¢) 7.5% (x-axis = T: Temperature, P: pH, N: NaCl (%), and G: Glucose (%) values)
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Figure 4: Distribution of absorbances at different glucose concentrations
a) 0%, b) 1%, c) 2% (x-axis = T: Temperature, P: pH, N: NaCl (%), and G: Glucose (%) values)

3.5 Data transformation

To ensure the validity of subsequent analyses, data were first assessed for normality using a combination of visual

(histograms and Q-Q plots, as shown in Figure 5) and statistical methods. The Shapiro-Wilk test, specifically,

5.72 x 10%), necessitating the application of a

revealed a significant deviation from normality for the raw data (p

suitable transformation.
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Figure 5: Histograms and Q-Q plots
a) untransformed data, b) Box-Cox transformed data
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Figure 6: Correlation graph ("*" denotes statistically significant relations) (Temp.: Temperature, Glu.: Glucose concentration,
Abs: Box-Cox Transformed Absorbance)
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Various transformations, including logarithmic, square root, inverse, exponential, Box-Cox, Yeo-Johnson, and Z-
score, were applied and evaluated. The Box-Cox transformation was selected; however, even after the Box-Cox
transformation, full adherence to normality or homoscedasticity could not be achieved (p = 4.11 x 107). Visual
representations of the untransformed and Box-Cox transformed data, including histograms and Q-Q plots, are
provided in Figure 5.

3.6 Correlation Analysis

To understand the monotonic relationships among the independent parameters (temperature, pH, glucose, and NaCl
concentrations) and their association with the Box-Cox transformed absorbance, a Spearman's rank correlation
analysis was conducted. This non-parametric approach was chosen given that the transformed data, while optimised,
did not achieve full adherence to normality or homoscedasticity. The results, including their statistical significance,
are visually presented in Figure 6.

3.7 Regression Analysis

3.7.1 Permutation-based ANOVA

A statistical test was conducted to investigate the main and interaction effects of the independent parameters on the
Box-Cox transformed absorbance. Generally, parametric ANOVA is utilised for such investigations. However, given
that the Box-Cox transformed data still did not fully satisfy the parametric assumptions (as discussed in the 'Data
transformation' section), a non-parametric alternative, Permutation-based ANOVA, was employed for this purpose.

The results of the Permutation-based ANOVA revealed statistically significant effects on biofilm absorbances.
Specifically, a significant effect was observed for glucose concentration (p = 0.0479). Furthermore, highly significant
interaction effects were identified: the three-way interactions of pH:Glucose Concentration:NaCl Concentration (p <
0.001) and temperature:pH:NaCl Concentration (p < 0.001) substantially affected biofilm formation. A significant
two-way interaction between Temperature and Glucose Concentration (p = 0.0184) was also detected.

3.8 Machine Learning Models

To develop robust predictive frameworks, the normalised dataset was randomly split into training (70%) and test
(30%) datasets. Hyperparameters for the machine learning models were optimised using Genetic Algorithm (GA)
and Particle Swarm Optimisation (PSO) techniques. The predictive performance of each model was rigorously
evaluated using standard metrics including R?, Adjusted R?, Root Mean Squared Error (RMSE), and Mean Absolute
Error (MAE), with detailed results presented in Table 1.

The results in Table 1 show that even though the adjusted R? value is low, the XGBoost regression model was
selected as the best model because it has the highest R? and adjusted R? values among the models, along with
comparatively low RMSE and MAE values.
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Table 1: Machine learning models and their predictive performance

Machine Learning Model R? Adjusted R?  RMSE MAE

Linear regression 0.2251 0.1780 1.6586 1.3351
Quadratic regression 0.3008 0.2237 1.6626 1.3414
Ridge regression 0.1058 0.0919 1.7817 1.4801
Lasso regression 0.1034 0.0895 1.7840 1.4903
Elastic net regression 0.1043 0.0904 1.7831 1.4876
Polynomial regression 0.4895 0.3920 1.3462 0.9386
Stepwise regression 0.1001 0.0932 1.7873 1.4959
Decision tree regression 0.2956 0.2847 1.5812 1.2383
Random forest regression 0.2042 0.1919 1.5792 1.3136
Gradient boosting 0.1222 0.1086 1.7652 1.4734
XGBoost regression 0.6209 0.6209 1.2355 0.9384
Light GBM regression 0.4136 0.4045 1.4428 1.1022
CatBoost regression 0.4883 0.4804 1.3478 0.9502

Although the adjusted R? value (0.6209) indicates that approximately 62% of the variance in biofilm formation was
explained by the model, this level of explanatory power is considered acceptable for complex biological systems
characterised by multifactorial interactions and inherent experimental variability. Moreover, XGBoost exhibited the
best trade-off between predictive accuracy (lowest RMSE and MAE) and generalisation capability among all tested
algorithms, justifying its selection as the optimal model for this dataset.

This model was used to analyse the data.

3.8.1 XGBoost regression model

XGBoost (Extreme Gradient Boosting) is a highly efficient and flexible open-source machine-learning algorithm that
has gained widespread popularity in various predictive modelling tasks, including regression [22]. It is an ensemble
method based on the gradient boosting framework, where new models are iteratively added to correct the errors of
previous models. XGBoost is particularly known for its speed, performance, and ability to handle complex datasets
with high accuracy while effectively mitigating overfitting through advanced regularisation techniques. Its core
architecture relies on decision trees, leveraging parallel processing and tree-pruning strategies to optimise model
training.

The algorithm's strength lies in its optimised distributed gradient boosting library, which supports both regression
and classification problems. Key features of XGBoost, such as built-in cross-validation, regularisation (L1 and L2),
and handling of missing values, contribute to its robustness and superior predictive power, making it an excellent
choice for complex predictive modelling like biofilm formation in K. preumoniae [22].

To optimise the performance of the XGBoost model, it was trained with specific hyperparameters. These included
100 boosting iterations (nrounds = 100), a maximum tree depth of 7 (max_depth = 7), and a learning rate (eta) of
0.05. Each individual tree was constructed using all available features (colsample bytree = 1) to ensure
comprehensive learning and help further reduce overfitting. Additionally, the minimal sum of instance weight
required in a child node (min_child weight) was set at 5 to control model complexity.

3.8.2 XGBoost feature importance analysis

The feature importance analysis, derived from the optimal XGBoost regression model for the Box-Cox transformed
absorbance, is presented in Figure 7. This analysis quantifies the relative contribution of each environmental
parameter to the model's predictive performance.
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As depicted in Figure 7, temperature was identified as the most influential factor, exhibiting the highest importance
score of 0.33. This indicates that temperature played the most significant role in predicting K. preumoniae biofilm
formation. Glucose concentration was followed closely, showing a score of substantial importance of 0.26,
highlighting its strong impact on biofilm development.

Conversely, pH demonstrated a moderate but notable contribution, with an importance score of 0.23. NaCl
concentration was found to be the least influential factor among the tested parameters, with an importance score of
0.18.

These findings suggest that while all four environmental factors contribute to varying degrees, temperature and
glucose concentration are the primary drivers of biofilm formation according to the XGBoost model, with pH and
NaCl playing secondary roles in the predictive framework.

Temperature 0.33
Glucose 0.26
3
E
S
= pH 0.23
NaCl 0.18
0.0 0.1 0.2 0.3
Importance

Figure 7: Feature importance plot for the XGBoost - Abs Box-Cox transformed model

3.8.3 Partial dependence analysis for model interpretation

To provide a deeper understanding of how each parameter individually influences the model's predictions, Partial
Dependence Plots (PDPs) were generated from the optimal XGBoost model. These plots, presented in Figure 8§,
illustrate the effect of each feature on the predicted Box-Cox transformed absorbance, after accounting for the
average effect of all other features.

The PDP for temperature (Figure 8a) indicates that there is a clear positive and approximately linear relationship; as
temperature increases from 15°C to 45°C, the predicted biofilm absorbance consistently rises. This highlights
temperature as a factor that directly enhances K. pneumoniae biofilm formation.

For glucose concentration (Figure 8b), predicted biofilm absorbance generally increases with a glucose concentration
up to 1%, reaching its peak around this point. Beyond 1%, the predicted absorbance tends to decrease or plateau,
suggesting an optimal glucose concentration range for biofilm formation.

The pH PDP (Figure 8c) shows that the model predicts the highest biofilm absorbance at neutral pH values (around
7.0). Both more acidic (pH 5.0) and more alkaline (pH 9.0) conditions are associated with significantly lower
predicted absorbances, indicating that deviations from neutral pH negatively impact biofilm development.
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The analysis for NaCl concentration (Figure 8d) reveals that predicted biofilm absorbance remains relatively stable
or slightly increases at lower concentrations (0-3.75%). However, at higher NaCl concentrations, such as 7.5%, there
is a sharp increase in predicted absorbance, signifying a strong activating effect of elevated salinity on biofilm
formation.

The present study aimed to develop a robust predictive model for Klebsiella pneumoniae biofilm formation under
varying environmental conditions, specifically focusing on temperature, pH, glucose, and NaCl concentrations. By
employing a comprehensive approach that combined experimental design, non-parametric statistical analyses, and
advanced machine learning techniques, it was successfully elucidated that the individual and interactive effects of
these parameters offer valuable insights into the environmental regulation of K. pneumoniae biofilm development.

The findings from the Kruskal-Wallis tests and Permutation-based ANOVA consistently demonstrated that all four
investigated factors significantly influenced K. pneumoniae biofilm formation. This aligns with extensive previous
research highlighting the critical role of physicochemical cues in modulating bacterial biofilm phenotypes across
various species [23,24]. The observed significance of complex three-way and two-way interactions, namely
pH:Glucose:NaCl, Temperature:pH:NaCl, Temperature:Glucose, underscores that biofilm formation is not merely a
sum of individual effects but a dynamic process governed by intricate, synergistic or antagonistic relationships
between environmental factors [24]. This complexity further justifies the need for advanced modelling approaches
like XGBoost to capture these non-linear interdependencies effectively.

The XGBoost model, identified as the best-performing model in the comprehensive comparison, provided a robust
framework for predicting biofilm absorbance. The feature importance analysis clearly identified temperature and
glucose concentration as the most influential factors, consistent with their fundamental roles in bacterial physiology
and metabolism.

The results demonstrated a clear positive correlation between increasing glucose concentration and predicted biofilm
absorbance up to 1% glucose concentration. This corroborates the role of glucose as a key enhancer of biofilm
formation. This is in strong agreement with numerous studies showing that readily available carbon sources like
glucose promote robust biofilm development in various bacteria, including K. pneumoniae, by fueling bacterial
growth and extracellular polymeric substance (EPS) synthesis, which is crucial for biofilm matrix integrity [13,24].
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Some studies, however, report that excessively high glucose concentrations can sometimes lead to decreased biofilm
formation in other species, possibly due to acidic by-product accumulation or osmoregulation challenges, as it was
also observed in the present study, where the predicted biofilm absorbance tends to plateau [25-27].

Similarly, temperature played a crucial role in biofilm formation. This is a well-established optimal growth
temperature for many mesophilic human pathogens like K. pneumoniae, where metabolic efficiency and growth rates
are maximised, thus facilitating robust biofilm development [13,28,29].

Miiller et al. (2024) also reported that increasing temperatures led to a higher affinity for K. pneumoniae strain to
adhere to abiotic surfaces, noting a significant increase in specific biofilm formation at 40°C and 42°C compared to
37°C [30]. Regarding biofilm development, temperatures below 37°C, Gual-de-Torrella (2022) proposed that at
37°C, biofilm formation was observed in 76% of K. pneumoniae isolates tested, which decreases to 41% 25°C [31].
They also confirmed partially consistent results with previous studies where a temperature increase was favourable
for biofilm formation in some K. pneumoniae isolates, which supports our results.

The analysis in this present study revealed that pH modulated biofilm formation, with neutral conditions (pH 7.0)
promoting optimal biofilm production. Both acidic (pH 5.0) and alkaline (pH 9.0) environments led to reduced
predicted biofilm absorbance. This is consistent with the fact that drastic pH changes can denature enzymes, disrupt
membrane potential, and impair cellular processes, thereby hindering bacterial growth and adhesion [24,32].

Jastaniah et al. (2022) also identified that pH 7.0 and pH 7.6 resulted in the largest values of exopolysaccharides for
K. pneumoniae, designating them as the optimum pH range [33].

Monsi et al. observed that biofilm formation was significantly higher in pH 7.2 compared to both the acidic (pH 4.0)
and alkaline (pH 11.7) media under both aerobic and anaerobic conditions [34].

The results showed that the biofilm formation sharply increased after 3.75%. Increasing NaCl concentration could
enhance biofilm due to several physiological and molecular reasons. Higher salt concentrations create osmotic stress,
triggering bacterial stress responses that promote biofilm development as a protective mechanism. This includes
increased production of EPS, which stabilises the biofilm matrix and improves cell adhesion.

Murugavel et al. (2024) reported that expression of the LPS gene (WbaG) in K. pneumoniae promoted biofilm
formation in the presence of Na“, as well as K" and Ca*" [35]. This could be the potential reason for the increase in
biofilm in our study. However, Mirkar et al. (2016) found that as salt concentration increased, the biofilm formation
of Klebsiella was inhibited at 6% NaCl and above [36]. The reason for this difference could possibly be due to the
different strains used in our study and their study.

Despite its strengths, our study has certain limitations. The model was developed using a single K. pneumoniae strain
(ATCC BAA-1706), and the generalizability of these findings to other clinical isolates or different bacterial species
may vary. Future research should therefore aim to validate and expand this model by including a broader range of K.
pneumoniae strains with diverse genetic backgrounds and by incorporating additional environmental stressors or
antimicrobial agents.

In addition, it is primarily focused on biofilm biomass quantification using the crystal violet assay. While this
method provides a robust measure of total biofilm, it does not directly assess bacterial viability or metabolic activity
within the biofilm. Future studies could incorporate techniques such as CFU counts, metabolic assays, or live/dead
staining to provide a more comprehensive characterisation of biofilm formation.

Furthermore, while PDPs provide insights into effects, a deeper exploration of specific feature interactions using
more complex visualisation tools could offer even more granular understanding. Integrating real-time monitoring of
biofilm parameters with this predictive framework could also enhance its practical utility, allowing for dynamic
intervention strategies.
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4 Conclusions

The developed XGBoost model demonstrated accuracy in predicting K. pneumoniae biofilm biomass. Feature
importance analysis revealed temperature and glucose concentration as the most influential factors, significantly
impacting biofilm formation. Partial dependence analysis showed that optimal biofilm production was observed at
neutral pH and glucose concentrations over 1%, with high temperatures. In addition, high NaCl concentrations
significantly stimulated biofilm formation.

These findings provide valuable insights into the regulation of K. pneumoniae biofilm formation, which could have
practical uses in diverse industrial, medical, and food safety settings. This understanding can inform targeted
strategies for controlling biofilm proliferation and enhancing antimicrobial efficacy. Future work could expand this
model to other bacterial strains and environmental stressors, integrating it with real-time monitoring and advanced
machine learning for even more robust predictive and control capabilities.

In hospital settings, this model could be used to estimate the risk of biofilm formation on medical devices, such as
catheters and ventilator components, under specific environmental conditions, thereby supporting preventive
strategies, such as environmental adjustments or targeted disinfection protocols. In industrial systems, particularly in
water distribution networks or food-processing pipelines, the model may assist in predicting conditions that favour
biofilm development and guiding the optimisation of cleaning schedules and salinity or temperature control measures
to reduce biofouling.

Furthermore, integration with microfluidic or real-time sensor-based systems could enhance the model's applicability
in practical and industrial biofilm control scenarios.
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