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ARTICLE INFO ABSTRACT
Keywords: A crucial challenge in feline obstetric care is the accurate prediction of the parturition date during
Multilayer perceptron late pregnancy. The classic simple linear regression (SLR) model, which employed the fetal

Support vector regression
Parturition date prediction
Performance

Biparietal diameter

biparietal diameter (BPD) as the single input feature, was frequently applied for such prediction
with limited accuracy. Since Multilayer Perceptron (MLP) and Support Vector Regression (SVR)
are now two of the most potent scientific regression models, this study, for the first time, intro-
duced such models as the new promising tools for feline parturition date prediction. The
following features were candidate inputs for our models: biparietal diameter (BPD), litter size,
and maternal weight. We observed and compared the performance results for each model. As the
best-performed model, MLP delivered the highest coefficient score (0.972 + 0.006), lowest mean
absolute error score (1.110 + 0.060), and lowest mean squared error score (1.540 + 0.141),
respectively. For the first time in this study, BPD, litter size, and maternal weight were considered
the essential features for the innovative MLP and SVR modeling. With the optimized model pa-
rameters and the described analytical platform, further verification of these advanced models in
feline obstetric practices is feasible.

1. Introduction

Parturition date prediction is a critical issue in feline obstetric care for both owner and practitioner to observe and monitor the
queens [1]. In queens with a high risk of dystocia, it is crucial to have a plan for an elective Caesarean section (C-section) close to the
anticipated delivery date to ensure the survival and well-being of both mother and newborn [2]. Therefore, the punctual parturition
date prediction is considered a critical issue in feline obstetrics. A practical method to determine the date before parturition (DBP) in a
pregnant queen is the transabdominal ultrasonographic examination of extrafetal and fetal biometry. From the second half of gestation
(4-9 weeks of pregnancy) until the due date, the biparietal diameter (BPD) is the most often used feature to determine DBP [1,3]. Since
DBP prediction is more critical in late pregnancy, BPD measurement has become a general practice for feline pregnancy follow-up.

Simple Linear Regression (SLR) is the conventional model for feline DBP prediction, with BPD serving as the only input feature [4].
The model, however, demonstrated a significant accuracy decline as pregnancy advanced. Summary data from previous studies
indicated that the confidence intervals of SLR models allowing one-day (+1 day) and two-day (42 days) errors at the 6th gestation
weeks could vary from 53 to 79% and 77-88%. Then they rapidly dropped to 27-51% and 50-70% in the 9th week—the last week of
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gestation [1,3-8]. These studies also utilized various SLR formulas, even the unique one specific to a cat breed [4-6,8,9]. These
findings highlight the insufficiency of the model type and input features utilized in the SLR model, presenting a compelling research
area to explore more precise models for this particular task. Of note, the advances in data science modeling have provided us with
alternative models to deal with such an issue [10,11]. Of note, some cutting-edge regression models, such as Support Vector Regression
(SVR), have recently been demonstrated to be more accurate models in dogs, a closely related species to cats [1,3,10].

Multilayer Perceptron (MLP) and Support Vector Regression (SVR) models are among the most popular regression models, well-
recognized for their superior performances in scientific and economic research, including those of ecology [12,13], engineering
[14-21], and animal fields including feline biomechanic modeling [22-26]. While traditional statistical modeling formulates the
relationships between input features and output variables through fixed mathematical equations, MLP can learn from training data
using multiple training algorithms and rules. As a result, MLP gains several advantages, including increased capacity. MLP is thus a
self-administered model that uses specific learning algorithms to optimize itself as it acquires updated inputs [27]. On the other hand,
SVR acknowledges non-linear relationships by processing input data from non-linear to linear space using specific transforming
functions—the kernel functions. The kernel function can implement a model in a higher-dimensional space (feature space) without
requiring a mapping function from the input space to the feature space. SVR could deal with a non-linear relationship between input
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Fig. 1. Methodological workflow. The analysis consisted of 3 major parts, as follows: 1) Data management, 2) Model training and optimization, and
3) Model comparison. The material and methods covered all analytical procedures in detail.
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and output since the decision boundary created by a kernel function—the hyperplane—can predict the output value of the SVR model
[28]. Due to their robustness in non-linear modeling, MLP and SVR models should be worthy candidates for feline DBP prediction,
which SLR fails to explain.

Proper input features are also crucial when constructing new models [29]. In feline-related species like dogs [1,3] and humans
[12], there is evidence that several features, besides BPD, can influence the prediction of DBP. In pregnant bitches, maternal weight
[10] and litter size [30] could affect DBP prediction. Preterm birth risk in pregnant women increases with advanced maternal age [31]
and parity [32]. Since shreds of evidence also supported the possible roles of these parameters on the queen’s gestation period [8,
33-35], they should be prospective candidate features in the present feline DBP prediction models.

For the first time, this study introduced MLP and SVR modeling in feline DBP prediction. Concepts and procedures from input
feature selection to model optimization were demonstrated in uncomplicated detail. This study also described a methodology for
comparing model performances to identify the top-performing model.

2. Materials and methods
2.1. Ethics declarations

This study used anonymously provided secondary data already presented in the database of an animal hospital. This work did not
involve the use of animals, and no animals or people are identifiable within this publication.

2.2. Programming environment and python packages

The open-source web application, Jupyter Notebook, was utilized as the platform for Python coding. The research methodology
provided a detailed description of each necessary function and its corresponding Python packages.

2.3. Animal data

An animal hospital in Chonburi Province, Thailand, provided the anonymous raw data of pregnant queens presented for routine
pregnancy follow-ups from 2015 to 2022. The hospital is certified by the Thailand Animal Hospital Standards and Accreditation—by
which all practitioners follow the established internationally recognized high standards (‘best practice’) of veterinary clinical care for
the individual patient. The raw data contained 384 examination results recorded from 128 queens (6-50 months old). The raw data
consisted of the queen’s age, weight, the ultrasonographic figure of fetal BPD, parity number, and litter size. For each examination, the
practitioner always recorded the age and weight of the queen before the ultrasonography. The mean BPD (five repeats for each fetus) of
all fetuses presented in the examined queen was calculated and recorded. The litter size (the number of kittens) was determined at least
once by radiographic diagnosis. After each parturition, the hospital would confirm the litter size and the parity number of the queen.

2.4. Experimental design

The experiment consisted of three parts: 1) Data management, 2) Model training and optimization, and 3) Model comparison
(Fig. 1). In the ‘Data management’ part, we divided the raw data into the training and test datasets, and then selected only the signified
input feature data for the subsequent modeling part. MLP and SVR models were trained and optimized using these prepared datasets in
the ‘Model training and optimization’ part. We then compared the performances of these optimized models in the ‘Model comparison’
part. We provided all mathematical expressions related to model construction and performance in the supplementary materials and
methods.

2.5. Part 1: data management

There were 384 samples of examination results in the raw data. BPD (mm), maternal age (month), maternal weight (kg), parity
number, and litter size were the recorded feature data. We divided the raw data into training and testing datasets at a ratio of around
2.73:1 (281 and 103 samples, accordingly) using the ‘train_test_split’ function of the ‘sklearn’ package [36]. We provided the testing
dataset as the supplementary CSV file. On request, the training dataset could be made available. We implemented the mutual infor-
mation feature selection method to select features for further modeling using the mutual information feature selection technique by the
‘mutual_info_regression’ function of the ‘sklearn’ package [37]. This test gave the importance score for all the feature data—by which
this study only considered features with scores higher than 0.1.

2.6. Part 2: model training and optimization

Both MLP and SVR modeling employed the pre-prepared training dataset. Following was the description of the MLP and SVR
modeling concepts and procedures.
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2.7. MLP modeling

The MLP architecture consists of three types of layers. The input layer is the first layer responsible for inputting feature data for the
model. The hidden layer could be either single or multiple. The layer stands between the input and the output layer and is responsible
for the model computation. The output layer is the final layer that produces the final output result.

In each layer, the computational units with unique transfer functions—the neurons—are organized with interconnection to
comprise the network formation (Fig. 2). Each neuron has an assigned activation function. An activation function is responsible for
transforming and computing the neuron input to decide whether that neuron should be activated or not. This process results in a
different cumulative output from each neuron for the subsequent output layer. During the MLP training, the process will continuously
adjust all neuron weight and bias values with a selected algorithm until optimizing the model performance. For this purpose, the
backpropagation technique (BP) is used to obtain model parameters in MLP training by updating weight and bias to lower the output
layer’s prediction error until optimization. All mathematical expressions associated with the MLP training process in supplementary
materials and methods were from previous studies [13,22,23].

2.7.1. Data normalization
Before MLP training, we normalized the training data by the min-max normalization method using the ‘preprocessing.Min-
MaxScaler’ function of the ‘sklearn’ package. The process organized all input values on the same scale between 0 and 1 [38].

2.7.2. Determination of MLP architecture

This study constructed the MLP model based on the sequential architecture—the simple linear stack model. To acquire the model
structure, we passed a list of layers (input, hidden, and output layers) to the sequential constructor by the ‘keras.Sequential’ function of
the ‘Keras’ programming interface [39]. The number of layers and neurons in the MLP architecture was established based on the
Principle Component Analysis (PCA) with K-means clustering. Further details about the principle were in Rachmatullah et al., 2021
[40]. Briefly, we calculated PCA using normalized training data. The cumulative principal component (PC) numbers with signified
cumulative variances rendered all possible hidden layer numbers of MLP. Each PC would represent each of the hidden layers. For each
hidden layer, the optimal K-mean cluster numbers calculated from sample values corresponded to the estimated neuron numbers
presented in that layer.

2.7.3. Training and evaluating MLP architecture

This study trained and evaluated all MLP structures from the ‘Determination of MLP architecture’ process using the programming
interface ‘Keras’ as the framework. We selected the ‘Adam’ algorithm as the model optimizer. The number of times the algorithm
worked through the training dataset (epoch) was 300. The batch size—the sample number used for each training round—was 50. The
loss value—the deviation of the predicted value from the real one during the training process—was evaluated by Mean Absolute Error
(MAE) and Mean Square Error (MSE). The optimized MLP model was the MLP structure that performed the best, yielding the lowest
MAE and MSE scores. We provided a detailed description of the optimized MLP architecture in the supplementary information.

2.8. SVR modeling

In several fields of scientific research, SVR is considered an alternative model to MLP [41-45]. The concept behind SVR was to

Input layer Hidden layers Output layer
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Fig. 2. MLP architecture. An example provided the model with two hidden layers. Each model layer contained a varied number of neurons (n). The
neurons in the input layer (n;) were responsible for k numbers of input feature values (ny; to ny), with only one output from the output neuron (np)
in the output layer. The neurons in hidden layers (n;5 and nyy) computed their results using the equipped functions with the assigned weight values.
The organized connections among these neurons formed a unique MLP structure.
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obtain the best-fit plane, known as a hyperplane, to cover the maximum number of data points in the data space. Such a hyperplane
represented the SVR model. The raw input data requires transformation to achieve this higher-dimensional space for modeling. This
task could make use of various Kernel functions. Given that the optimized hyperplane produced by a model was reasonably close to the
actual values, it was possible to predict the output (DBP for this study) given the known input features [28].

2.8.1. K-fold cross-validation

Using the ‘cross_validated’ function from the ‘optunity’ package, we performed the 5-fold cross-validation on the training dataset
[46]. In brief, the original training dataset would generate five new random training datasets of equal size (5 iterations). The process
divided each new training dataset into five partitions for each training round. The model training process used four of them, while the
leftover was for evaluating the performance of the generated model. The process would repeat with all partitions to tune for the best
SVR parameters.

2.8.2. Tuning SVR parameters

We used the new training dataset generated from 5-fold cross-validation for tuning SVR parameters. Base on their accuracies in
predicting canine DBP [10], this study also employed three kernel functions—linear, polynomial, and radial basis function (Rbf)—for
input data transformation. This process created three SVR models—linear SVR, polynomial SVR, and Rbf SVR models—and each
required parameter tuning. For the tuning procedure outlined in our prior work, we used Bayesian optimization provided by the
‘Opportunity’ package [10]. All mathematical expressions of all kernel functions in supplementary materials and methods were from
previous studies [47].

2.8.3. Training and evaluating SVR model
After tuning parameters, we evaluated the performances of the optimized SVR models with different kernel functions—linear SVR,
polynomial SVR, and Rbf SVR using module functions of the ‘scikit-learn’ package.

2.9. Part 3: model comparisons

2.9.1. Performance comparison

This study evaluated the performance of all models using an identical approach. Apart from the coefficient of determination (R2),
mean absolute error (MAE), and mean squared error (MSE), we also calculated the model accuracy during the 6th (0-21 DBP) and last
week (0-7 DBP) of gestation, similar to those performed in most previous SLR studies.

2.9.2. R2, MAE, and MSE scores

We utilized R2, MAE, and MSE to compare the performance among the MLP and SVR models [10]. We utilized the ‘sklearn.metrics’
module of the ‘scikit-learn’ package to calculate the performance scores for these statistics. We performed bootstrap re-sampling on the
testing dataset (1000 times) to acquire the standard deviation (SD) value of each score for every model. This process allowed score
comparison among all models (one-way ANOVA with post hoc Tukey HSD).

2.9.3. Accuracy during 0-21 and 0-7 DBP

We calculated the model accuracies in percentages, allowing one-day (+1 day) and two-day (+2 days) errors, focusing on the 6th
and last gestation weeks (0-21 and 0-7 DBP, respectively). With the additional step of bootstrap re-sampling on the testing dataset
(1000 times), this study reported the mean accuracy value along with its SD.
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Fig. 3. Feature selection plot. The plot displayed the importance scores of all feature data acquired from Mutual information feature selection.
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2.10. Consistency of model performance

We calculated the discrepancies between predicted and actual DBP (actual DBP - predicted DBP) from 0 to 33 DBP. To examine how
consistently each model performed at various DBP, we computed and plotted the mean and 95% confidence interval of these
discrepant values for all models. This plot allowed notification of each model performance at the particular DBP of interest.

2.11. Data availability

The training dataset used in this study will be from the corresponding author upon request. The test dataset was provided as the
supplementary CSV file.

3. Results
3.1. Important features for modeling

The features presented in the raw data were as follows: BPD, maternal age, maternal weight, parity number, and litter size. Mutual
information feature selection identified three features—BPD, litter size, and maternal weight—with importance scores higher than 0.1
(Fig. 3). According to the results, BPD rendered the highest score (1.502) when compared to the other features.

3.2. Optimized MLP architecture and SVR parameters

Since only BPD, litter size, and maternal weight were the selected features, the data of these normalized features were the inputs of
all models. The construction of various MLP architectures was archived based on the Principle Component Analysis (PCA) with K-
means clustering analyses as described in the material and methods. With the training dataset, we obtained nine principal components
(PCs). More than 90% of the total variance was described by the first PC implying that the candidate MLP structure contained only one
hidden layer.

The K-means clustering of the first PC resulted in 46 clusters, representing the number of candidate neurons. We further fine-tuned
the neuron numbers by training seven MLP models with neuron numbers ranging from 43 to 49 and comparing their performances
(Table 1). The best-performing model contained 48 neurons, resulting in the best coefficient of determination (R2), mean absolute
error (MAE), and mean squared error (MSE) scores. We illustrated the finalized MLP structure with a detailed description (Fig. 4).

All parameters of the linear SVR, polynomial SVR and Rbf SVR models were tuned as described in the material and methods. For
more details, we provided information on the ranges of values used for tuning all SVR parameters and the optimized parameter values
used in the finalized SVR models in the supplementary tables (Supplementary Tables 1 and 2).

3.3. Performance comparison among MLP and SVR models

R2, MAE, and MSE scores acquired among all optimized models were computed and compared (Tables 2 and 3). The Rbf SVR model
performed the worst out of all the models. The MLP model could outperform all other models in terms of MAE and MSE scores (P <
0.01).

The model accuracy in percentages allowing one-day (+1 day) and two-day (42 days) errors on the 6th (0-21 DBP) and the last
(0-7 DBP) gestation week were computed and compared (Table 4). While there were minor differences in accuracy results among
models, the mean accuracy of all models except the Rbf SVR on the last gestation week was greater than 53% and 82% for 1-day and 2-
day errors, respectively.

To see how consistently each model could perform at various DBP, we displayed the error days mispredicted in each DBP by 95%
confidence interval areas. All models showed similar accuracy trends from O to 33 DBP (color lines in Fig. 5). Of note, the 95%
confidence interval areas of most models were within two-day errors (+2 days) (color-shaded areas in Fig. 5), except for the Rbf SVR
model (the blue-shaded areas in Fig. 5).

Table 1
Performances of trained MLP models with different neuron numbers in the hidden layer.
Neuron numbers “R2 score "MAE score “MSE score
43 neurons 0.921 2.103 6.607
44 neurons 0.919 2.123 6.792
45 neurons 0.924 2.065 6.344
46 neurons 0.920 2.112 6.705
47 neurons 0.922 2.094 6.543
48 neurons 0.925 2.061 6.298
49 neurons 0.919 2121 6.802

2 R2 - Coefficient of determination.
Y MAE - Mean absolute error.
¢ MSE - Mean squared error.
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Fig. 4. Optimized MLP model structure. The input layer of the optimized MLP model consisted of 3 neurons for BPD, litter size, and weight input
values. The hidden layer had 48 neurons with Exponential linear unit (Elu) as their activation functions. The output layer of the model had a single
neuron with the linear function for calculating the predicted DBP.

Table 2

R2, MAE and MSE scores.
Model “R2 score °MAE score “MSE score
MLP 0.972 + 0.006 1.110 + 0.060 1.540 + 0.141
Linear SVR 0.971 + 0.007 1.117 + 0.065 1.581 + 0.168
Polynomial SVR 0.968 + 0.008 1.129 + 0.067 1.641 + 0.170
Rbf SVR 0.950 + 0.017 1.168 + 0.098 2.063 + 0.310
& R2 - Coefficient of determination.
> MAE - Mean absolute error.
¢ MSE - Mean squared error.

Table 3

Posthoc Tukey HSD results.
Compared models P-value
Model 1 Model 2 ‘R2 "MAE ‘MSE
MLP Linear SVR 0.900 0.165 0.007
MLP Polynomial SVR 0.340 0.001 0.379
MLP Rbf SVR 0.001 0.001 0.001
Linear SVR Polynomial SVR 0.774 0.002 0.001
Linear SVR Rbf SVR 0.001 0.001 0.001
Polynomial SVR Rbf SVR 0.001 0.001 0.001
@ R2 - Coefficient of determination.
> MAE - Mean absolute error.
¢ MSE - Mean squared error.

Table 4

Model accuracy during 0-21 and 0-7 DBP.

“0-21 DBP (Mean + SD) b0-7 DBP (Mean + SD)
Model
ode +1 day error +2 day error +1 day error +2 day error

MLP 49.653 + 8.072 83.929 + 6.074 53.478 + 6.540 85.152 + 5.030
Linear SVR 54.745 + 8.234 85.279 + 5.597 53.935 + 7.686 85.543 + 5.265
Polynomial SVR 55.376 + 8.088 81.132 + 6.278 56.043 + 8.143 82.130 + 5.669
Rbf SVR 58.824 + 7.995 73.845 + 7.055 60.283 + 7.179 76.348 + 5.607

2 0-21 DBP — Comparable to the 6th gestation week.
> 0.7 DBP - Comparable to the last gestation week.
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Fig. 5. The plot of the discrepancy between predicted and real DBP. This plot showed the mean differences between predicted and real DBP (real
DBP - predicted DBP) from day 0 to day 33 of all models. The graph displayed the values of the 95% confidence intervals in hues that matched the
colors of the model. The zero line indicated the precise prediction. The Rbf SVR, Linear SVR, Polynomial SVR, and MLP models were blue, orange,
green, and red, as described in the legend. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version
of this article.)

4. Discussion

The prediction of parturition dates presents a significant challenge in the clinical management of pregnant felines. Accurate DBP
prediction enables owners and veterinarians to plan better for delivery assistance, reducing the risks faced by newborns during the
peripartum period. Previous studies introduced the simple linear regression (SLR) model for such a task. However, SLR still shows
limited accuracy in this regard, along with the lack of consideration of other crucial features, such as maternal weight or size, that
likely influence the accuracy of this model.

Feline obstetrics practitioners and researchers have long relied on SLR model for predicting parturition dates. For the first time, this
study introduced kernel-based machine learning model—SVR and deep learning model—MLP to this field. Supported by previous
success in canine DBP predictions [10], SVR model also shares a conceptual affinity with feline DBP predictions. On the other hand,
MLP model, characterized by its uncomplicated structure and versatile applicability, proves well-suited for introducing deep learning
models to veterinary practitioners/researchers who are commonly unfamiliar with modeling. This study used a considerable training
sample size with a separate test dataset, in contrast to earlier reported SLR models. The reported models, particularly the MLP,
produced low variation between the predicted and actual DBP, as evidenced by low MAE and MSE scores. Even during the last week,
the mean accuracy of all models ranged from 76.348% to 85.543% (+2 day error). The results thus suggested that MLP model excelled
other models in managing arbitrary non-linear relationships among feline features—BPD, litter size, and maternal weight—enabling
accurate DBP prediction utilizing the model layers and activation functions.

In practice, the radiography of the fetal skull at 38 days of pregnancy or later was a requirement for the litter size confirmation [48],
which was a significant limitation for all introduced models. The unstable 95% confidence interval areas of all models in the con-
sistency plot (Fig. 5) also suggested further model training with larger datasets to improve such performance. For those aspiring to
generate more models based on the provided methodology, we recommended a larger sample size to enhance the training process. This
issue was critical, particularly for MLP modeling, for which a large sample size was preferable [27,49]. Despite the preferable accuracy,
comprehending the internal logic behind MLP and SVR proved challenging due to their complex nature, thereby restricting model
interpretation and understanding of their prediction processes.

The process of feature selection is crucial to effective modeling. The lack of relevant input features could severely mislead the
training process resulting in a poor-performed model. For the traditional SLR model, BPD was the only input feature [1,3]. This
previous notification suggested BPD as the critical feature for DBP prediction modeling. With the highest importance score, our
analysis also supported BPD as the most crucial feature for DBP prediction. Besides from BPD, the test also identified litter size and
maternal weight as the essential features for feline DBP prediction (Fig. 3). Concordant with the evidence in dogs [1,10,30], our results
indicated litter size and maternal weight as the secondary factors affecting feline parturition date prediction. This notice further
supported the similar nature of pregnancy in dogs and cats.

There are several approaches to architect an MLP structure [40,50]. Since this could result in a different MLP topology, we only
claimed the optimized MLP structure in this study based on our modified method. This note also applied to all optimized SVR models.
According to the results, the Rbf SVR model showed the worst performance in terms of R2, MAE, and MSE scores. The MLP model, on
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the other hand, was determined to be the most accurate model (highest R2, lowest MAE, and lowest MSE scores).

The MAE score represented the average difference between the predicted DBP and the actual one (day). The MSE score, on the other
hand, evaluated a similar difference with a rigid enhancement due to its squaring operation. In terms of application, these scores would
provide better insight into day ranges with potential parturition—the critical information for both the owner and practitioner to
observe the mother. For instance, the 1.110 + 0.060 MAE score of the MLP model implied that the average error of DBP predicted by
the MLP model was within 1.110 + 0.060 days from the predicted parturition date. When applying the model, one should anticipate
the queen giving birth inside this time window.

The majority of earlier research measured the SLR model’s performance using the percentage accuracy with a one- or two-day
error. These studies usually mention the concern about the rapidly declining performance of SLR from the 6th to the last week of
gestation (78-88% to 50-70% for two-day error) [1,3-8]. On the contrary, MLP and SVR models in this study manifested comparable
high accuracy during the 6th to the final week of gestation (Table 4). Unlike the well-recognized SLR, these novel models still require
long-term verification with larger test datasets in the future.

MLP and all SVR models rendered R2 scores higher than 0.95 (Table 2). In other words, these models could explain more than 95%
of the DBP’s variability in the data. Even though the R2 scores indicated how well a model could handle the predicted result’s
variation, their performances along 0-33 DBP were not entirely consistent, especially for the Rbf SVR. In support of this notice, the Rbf
SVR also gave the highest MSE score, reflecting the remarkable variations during the prediction of some DBP. Since the ideal model
should render highly consistent and accurate results, more model training with larger datasets in future studies was encouraged to
enhance all model performances, even for the best-performing MLP model.

5. Conclusion

In conclusion, this study successfully established the novel MLP and SVR modeling methodologies for predicting feline DBP. In
addition to BPD, we identified litter size and maternal weight as the essential factors influencing DBP prediction. We remarked on MLP
as the best-performing model, while the Rbf SVR model was the worst. The current study provided ready-to-use model structures and
all tuned parameters. Further validation of these models with pregnancy-follow-up data was encouraged for researchers in the feline
obstetric field. To improve future feline DBP prediction, we also encouraged the establishment of other well-validated data science
models in addition to SLR.
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