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Abstract

Monitoring and controlling the microbiological quality of water in the pharmaceutical and
biopharmaceutical industries is paramount to ensure the safety and quality of intermediate and final
medicinal products. An integral task of the quality system is to trend, interpret, and investigate this
crucial inspection characteristic. Analyzing time series data with irregular sampling intervals
presents a significant challenge, particularly when standard methods like ARIMA, which assume
fixed-frequency observations, are desired but achieving consistent sample spacing is unattainable.
This study investigated the applicability of Classification and Regression Tree (CART) regression as
a practical alternative, using Minitab® Statistical Software, to model microbial density collected at
irregular intervals. Three response variables were studied with respect to Elapsed Time: a sequential
counter, cumulative untransformed microbial density, and cumulative log-transformed microbial
density. CART could not model the sequential counter but succeeded with both cumulative variables.
The log-transformed cumulative model achieved a test R-squared of 97.88% and a Mean Absolute
Percent Error (MAPE) of 0.1610%. The cumulative untransformed model also performed well, with a
test R-squared of 95.40% and MAPE of 0.5477 %. The transformed data yielded slightly better results.
These findings show that CART regression with Elapsed Time robustly models cumulative trends in
irregularly sampled data and is a valuable alternative when fixed-frequency model assumptions
cannot be met.
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Introduction

The provision of high-quality purified water is an indispensable component of healthcare products
within healthcare facilities [1,2]. Purified water is widely used in critical applications such as mixing
and compounding medications, sterilization processes, and preparation procedures [3,4]. Even low
levels of microbial contamination in this water can compromise drug safety and lead to serious quality-
related issues, particularly in vulnerable and immunocompromised individuals [4,5]. Such infections
can result in prolonged hospital stays, increased healthcare costs, significant morbidity, and even
mortality [5,6]. Consequently, stringent microbiological control and continuous monitoring of purified
water systems are paramount to ensure the safety of medicinal products and to maintain compliance
with regulatory standards [6,7]. Thus, the ability to comprehend and analyze microbial water trends is
critical to proactive measures before catastrophic events occur. Time series analysis — as one of the
important approaches - is fundamental to understanding processes that evolve over time, including
environmental monitoring data such as microbial density [8]. A prevalent assumption in many
traditional time series models, including AutoRegressive Integrated Moving Average (ARIMA) models,
is that observations occur at fixed, equally spaced intervals [9]. However, real-world data collection
often results in irregular sampling intervals due to logistical constraints, resource availability, or event-
driven monitoring [10]. Applying standard time series modeling methods to such data typically
requires resampling or interpolation, which can be complex and may introduce artifacts or information
loss, particularly without access to specialized programming resources [11-13]. This study explores an
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alternative modeling strategy using Classification and Regression Tree (CART) regression to analyze
microbial density data recorded at irregular time points, leveraging readily available statistical software
(Minitab® Statistical Software).

Materials and Methods

Microbiological bioburden analysis results for the newly installed water purification small station
were extracted from the database center of the healthcare facility in Giza governorate, Egypt (n=68),
covering January 2023 to May 2024 [14]. The testing frequency was estimated to be approximately days,
with a standard deviation of 7.3 + 2.26 days. The dataset comprised 68 chronologically arranged
microbial population density measurements, recorded at irregular dates [15,16] and obtained after
sampling and testing using standard microbiological quality control procedures as provided in
previous works. From this, "Elapsed Time" was calculated as the cumulative days from the first
observation. Three different forms of the data were considered as potential response variables for
modeling (the numbering will be used to refer to these three types of datasets in subsequent texts):

¢ Raw data (simple counter): A sequential counter (0, 1, 2, ...) representing raw microbiological count
data as Colony Forming Unit (CFU)/100 ml in the order of observation.

e Cumulative untransformed data: The cumulative sum of the previous original microbial density
measurements.

e Cumulative log-transformed data: The cumulative sum of microbial density after applying
logarithmic transformation to the base ten.

CART regression was employed using "Elapsed Time" as the sole predictor variable. CART is a non-
parametric technique that recursively partitions the data space based on predictor variables to predict
a continuous response [12]. This method can model nonlinear relationships and does not require the
predictor variable to be equally spaced. All analyses were performed using Minitab® statistical
software, utilizing 10-fold cross-validation to assess model performance on unseen data. Model fit was
evaluated using R-squared, Root Mean Squared Error (RMSE), Mean Squared Error (MSE), Mean
Absolute Deviation (MAD), and Mean Absolute Percent Error (MAPE) [13]. Residual plots and fits vs.
actual plots were examined for diagnostic purposes.

Results and Discussion

Initial attempts to apply CART regression using the Raw Data (Simple Counter) as the response
variable against "Elapsed Time" resulted in a model failure, indicated by the error message "* ERROR *
The optimal tree is the root node. No analysis was performed." This outcome suggested that the simple
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Figure 1. Time series graph showing three levels of data processing (1, 2, 3)
for microbiological density in purified water showing that the last phase
showed greatest level of linearity.

When using the Cumulative Untransformed Data as the response variable, the CART model fit the data
well. The optimal tree had 7 terminal nodes with a minimum of 3 (Figure 2). The model demonstrated
high accuracy, achieving a training R-squared of 98.32%, a training RMSE of 2202.68, a training MSE of
4.852e+06, a training MAD of 1270.46, a training MAPE of 0.5233%, and a test R-squared of 95.40%.
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Absolute error metrics on the test set were substantial (Test RMSE: 3645.55, Test MSE: 1.329e+07, Test
MAD: 1877.56), reflecting the large scale of the cumulative untransformed data. However, the MAPE
on the test set was a low 0.5477%, indicating high relative accuracy. The Scatterplot of Response Fits vs
Actual Values (Figure 3) showed that the fitted values closely tracked the actual values, with
characteristic horizontal segments in the training data. The Boxplot of Residuals (Figure 4) showed
residuals centered around zero with a large absolute spread and visible outliers. The MSE vs Terminal
Node plot (Figure 5) and Residual Plot by Terminal Node (Figure 6) confirmed varying absolute error
levels across the segments defined by the tree in Figure 8. Figure 7 visually summarizes the outcome of
a CART regression analysis applied to the cumulative purified water count data.

R-squared vs Number of Terminal Nodes Plot

Scatterplot of Response Fits vs Actual Values
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Figure 2. Test R-squared versus number of terminal nodes for the
CART regression model (cumulative untransformed data).
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Figure 3. Scatterplot of fitted versus actual values for the CART regression

model (cumulative untransformed data).

Scatterplot of MSE vs Terminal Node
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Figure 4. Boxplot of residuals for the CART regression model
(cumulative untransformed data).

Figure 5. Scatterplot of mean squared error versus Terminal Node ID
for the CART Regression Model (Cumulative Untransformed Data).
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Figure 6. Residual Plot by terminal node for the CART regression
model (cumulative untransformed data).

Figure 7. Boxplot of actual values by terminal node for the CART
Regression Model (Cumulative Untransformed Data).

When using the Cumulative Log-Transformed Data as the response, the CART model also fit the data,
yielding an optimal tree with 9 terminal nodes (Figure 9). This model exhibited slightly better
performance metrics. The training R-squared was 98.90%, and the test R-squared was 97.88%. Absolute
error metrics were significantly smaller (Test RMSE: 6.18, Test MSE: 38.13, Test MAD: 5.34),
commensurate with the compressed scale of the log-transformed response. Crucially, the MAPE on the
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test set was very low, 0.1610%. The Scatterplot of Response Fits vs Actual Values (Figure 10) showed an
excellent visual fit with points tightly clustered around the diagonal line. The Boxplot of Residuals
(Figure 11) showed residuals centered around zero with a smaller absolute spread and no apparent
outliers compared to the untransformed model. The MSE vs Terminal Node plot (Figure 12) and the
Residual Plot by Terminal Node (Figure 13) indicated varying absolute errors across segments, but on
amuch smaller scale than in the non-transformed data. Relative Variable Importance confirmed Elapsed
Time as the sole predictor (100% importance). The Boxplot of Cum.Log.PU by Terminal Node (Figure
14) showed the distribution of actual values within each segment. The Optimal Tree Diagram (Figure
15) visually represented the splits based on Elapsed Time and the predicted mean log-transformed
cumulative values within each terminal node.

Optimal Tree Diagram
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Figure 8. Optimal Tree Diagram for the CART Regression Model (Cumulative Untransformed Data).

R-squared vs Number of Terminal Nodes Plot Scatterplot of Response Fits vs Actual Values

Optimal = 97.88 Training Test
100 140
|~ N
120
95 ——— 7Y
°D: 100 .t
= b assine .
£ o ) e
= 2 w0 e’
< E S ..
= =1
o o e
3 8 - 60 o "
g z .
@ = -
T . o o
80 o
- o' e
& - foe
s - (=
T T T T T T T T T T 0
1 2 3 4 5 3 7 8 a 10 0 40 80 120 160 0 a0 &0 120 160
Number of Terminal Nodes Cum.Log.PU

Figure 9. Test R-squared versus number of terminal nodes for the CART

Figure 10. Scatterplot of fitted versus actual values for the CART
regression model (cumulative log-transformed data).

regression model (cumulative log-transformed data).

The results demonstrate that while CART regression was not applicable to the simple sequential counter
data, likely due to the lack of a predictable structure with elapsed time amenable to piecewise constant
modeling, it proved highly effective for modeling both the cumulative untransformed and cumulative
log-transformed microbial density [12,19-22]. This highlights a crucial point: the success of a modeling
technique is dependent not only on the method itself but also on the form of the data being modeled
and its inherent relationship with the predictors.
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Figure 11. Boxplot of residuals for the CART regression model Figure 12. Scatterplot of mean squared error versus terminal node
(cumulative log-transformed data). ID for the CART regression model (cumulative log-transformed data).
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The primary obstacle posed by the irregular sampling intervals for standard ARIMA was effectively
bypassed by using "Elapsed Time" as a continuous predictor in the CART regression framework. This
approach allowed the direct use of irregularly spaced observations without the need for complex,
potentially impractical data transformation steps within the available software.

Optimal Tree Diagram
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Figure 15. Optimal tree diagram for the CART regression model (cumulative log-transformed data).

Comparing the two successful models, the CART regression predicting the cumulative log-
transformed data ("Cum.Log.PU") exhibited slightly superior test R-squared and significantly lower
MAPE [21,22]. This suggests that the log transformation likely helped stabilize the variance or linearize
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the relationship between cumulative density and elapsed time, making the pattern more readily
captured by the CART algorithm's splitting process, as evident in Figure 1 [23-25]. While the
untransformed model provided predictions in the original units, which can be more intuitively
interpretable, the log-transformed model offered higher relative predictive accuracy.

The interpretation of the CART models provides valuable insights into the relationship between
microbial density accumulation and elapsed time. The tree structures (Figures 8 and 15) reveal specific
thresholds in Elapsed Time where the predicted cumulative density changes, effectively approximating
the non-linear trend observed in the data (Figure 1) [12,26]. The residual analysis and fits vs. actual plots
confirmed the high accuracy and lack of major systematic errors within the segments (Figures 2-7 and
9-14) defined by the trees (Figures 8 and 15) [27,28]. The MSE vs Terminal Node plots were further
detailed, where the model's absolute errors were higher or lower across the time segments [18].
Thresholds like those in optimal tree diagrams align with USP <1231> action limits for microbial
contamination, enabling proactive system sanitization [6]. Moreover, future work could integrate CART
with Internet of Things (IoT) sensors for real-time alerts when elapsed time approaches critical
thresholds. This study provides a practical, robust solution for modeling cumulative trends in
irregularly sampled data using readily available commercial statistical software. While other time-series
methods for irregular data (e.g., state-space models) could be explored, their implementation often
requires specialized programming environments [9]. Recent advances in machine learning, such as
Random Forests and Generalized Additive Models (GAMs), have also addressed challenges with
irregular data, but their complexity often limits adoption in the pharmaceutical industry [23].

Conclusion

CART regression, using elapsed time as a predictor, provides a highly effective and practical solution
for modeling cumulative trends with irregularly sampled microbial density trends. While CART failed
on the raw sequential counter data, it successfully and accurately modeled both cumulative
untransformed and cumulative log-transformed microbial density. The log-transformed cumulative
data yielded a model with superior accuracy in overall predictive performance. The log-transformed
cumulative data yielded a model with superior accuracy in overall predictive performance. This method
provides a practical solution for pharmaceutical water monitoring, circumventing the limitations of
traditional time-series approaches. Future work could explore hybrid models or additional predictors
to further enhance predictive capability. Hybrid AI/ML frameworks that combine CART’s
interpretability with deep learning’s pattern recognition could further enhance predictive accuracy.
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