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Abstract 

The in-vitro microbial production is based on screening of parameters and statistical validation 

of parameters using regression analysis. The recent trends have shifted from full factorial 

design towards more complex response surface methodology designs such as Box-Behnken 

design, Central Composite design. The problem with these designs is apart from optimisation, 

the designs are not flexible enough in deducing properties of parameters in terms of class 

variables. Machine learning algorithms have unique visualisations for the dataset presented 

with appropriate learning algorithms. The classification algorithms cannot be applied on all 

datasets and selection of classifier is essential in this regard. The aim of the current study was 

to investigate the data-mining accuracy on the dataset developed using in-vitro pyruvate 

production using organic sources for the first time. The attributes were subjected to 

comparative classification on various classifiers and based on accuracy, multilayer perceptron 

was selected as classifier. As per the results, the model showed significant results for prediction 

of classes and a good fit. The learning curve developed also showed the datasets converging 

and were linearly separable. 
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Results 

Experimental summary. In the experimental procedure, Corn Steep Liquor (CSL) was used 

as nitrogen alternative in the culture medium. Moreover, two carbon sources viz. rice straw and 

jackfruit rind were selected as the carbon alternative to glycerol for the comparisons in overall 

pyruvate yield 1. The different carbon sources based media formulations were investigated 

separately on varied levels of CSL concentration (%v/v) accompanied with processing 

parameters i.e. incubation time (h) and incubation temperature (℃) in the full factorial design. 

Pyruvate concentration (g/L), reducing sugars (g/L), and biomass concentration (g/L) were 

considered as the response variables. All experimental runs were performed independently in 

triplicates and the average values were analysed.  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑠 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑐𝑎𝑟𝑏𝑜𝑛 𝑠𝑜𝑢𝑟𝑐𝑒 =  5 𝑙𝑒𝑣𝑒𝑙𝑠 ×  3 𝑙𝑒𝑣𝑒𝑙𝑠 ×  3 𝑙𝑒𝑣𝑒𝑙𝑠 =  45 𝑒𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑠 

The individual run in the experiments were considered as data points for the three datasets in 

each of the carbon sources, respectively (Supplementary Table S1.). 

 



Table 1. Statistical summary of classifier algorithms on the dataset (glycerol) 
Algorithms/Scheme Statistics summary 

  Correctly classified instances Incorrectly classified instances Kappa value Mean absolute error RMSE ROC area PRC value 

KStar 3 (6.6667%) 42 (93.3333%) -0.1667 0.3408 0.4566 0.420 0.199 

Multilayer perceptron 31 (68.8889%) 14 (31.1111%) 0.6111 0.1898 0.3062 0.891 0.728 

REPTree 13 (28.8889%) 32 (71.1111%) 0.1111 0.2962 0.3999 0.575 0.289 

BayesNet 1 (2.2222%) 44 (97.7778%) -0.2222 0.3381 0.4313 0.233 0.167 

IBk 0 (0%) 45 (100%) -0.25 0.3912 0.5983 0.375 0.185 

RandomForest 3 (6.6667%) 42 (93.3333%) -0.1667 0.3393 0.4647 0.448 0.230 

SimpleLogistic 21 (46.6667%) 24 (53.3333%) 0.3333 0.2254 0.3383 0.817 0.565 

SMO 1 (2.2222%) 44 (97.7778%) -0.2222 0.3644 0.4713 0.211 0.160 

J48 8 (17.7778%) 37 (82.2222%) -0.0278 0.3077 0.447 0.534 0.240 

DecisionStump 13 (28.8889%) 32 (71.1111%) 0.1111 0.2869 0.3817 0.557 0.265 

RandomTree 11 (24.4444%) 34 (75.5556%) 0.0556 0.3022 0.5497 0.528 0.253 

ZeroR 5 (11.1111%) 40 (88.8889%) -0.1111 0.3208 0.401 0.414 0.185 

PART 7 (15.5556%) 38 (84.4444%) -0.0556 0.3173 0.4572 0.503 0.219 

OneR 12 (26.6667%) 33 (73.3333%) 0.0833 0.2933 0.5416 0.542 0.220 

DecisionTable 4 (8.8889%) 41 (91.1111%) -0.1389 0.3208 0.4506 0.468 0.214 

JRip 11 (24.4444%) 34 (75.5556%) 0.0556 0.2893 0.3992 0.553 0.297 

LWL 3 (6.6667%) 42 (93.3333%) -0.1667 0.3153 0.4241 0.464 0.232 



Screening of classifiers. The unbiased estimate of a classifying model’s efficiency, the 

statistical measures have to be evaluated from the dataset used in the model building process 2. 

Common statistical measures of classification are sensitivity, specificity, accuracy and the area 

under the ROC curve (or, equivalently, the c-index). These values are essential in the 

determination of a comparatively superior for model building process 3. The class variable, 

CSL concentration (class value ‘1’) was used to investigate the accuracy of various applicable 
classifiers. The experimental design was screened and modelled with glycerol as standard 

carbon source. The classifier comparison was investigated for pyruvate concentration with 

results using in-vitro experimental data. The performance of each classifier was evaluated with 

statistical summary as shown in Table 1 representing model performance chart (Supplementary 

Figure S1). The classifier selected at this step was applied to the other carbon sources for 

classification of CSL concentration. Table 1 represents important statistical measures from the 

text viewer, such as correctly classified instances, incorrectly classified instances, Cohen’s 
kappa value, Receiver Operating Characteristic (ROC) area and Precision Recall Curve (PRC) 

value for the classifier algorithms.  

𝐶𝑜ℎ𝑒𝑛′𝑠 𝐾𝑎𝑝𝑝𝑎 𝑆𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 (𝜅) = 𝑝0 − 𝑝𝑒1 − 𝑝𝑒 = 1 − 1 − 𝑝01 − 𝑝𝑒 

Po is the relative observed agreement among raters and Pe is the hypothetical probability of 

chance agreement. As shown, the highest accuracy corresponds to multilayer perceptron 

(68.8889%) under 10X cross validation fold-maker, followed by simple logistic (46.6667%) 

and the lowest for IBk (0%). It is shown that simple logistic regression predictive classifier is 

weaker than MLP in terms of data mining accuracy. Generally, both models perform on about 

the same level with the more flexible neural networks generally outperforming logistic 

regression 4. In this experimental comparison, we can say that multilayer perceptron (MLP) 

was the best scheme in all applicable classifiers. Thus, multilayer perceptron (MLP) was 

selected as the classification algorithm for three carbon sources to create models and summary 

for predictive classification of datasets in the microbial production. The generic object editor 

of multilayer perceptron was built with hidden layers as wildcard value “a” (attributes + 
classes), learning rate as 0.3, momentum 0.2 and validation threshold 20. 

Multilayer perceptron. The multilayer perceptron algorithm consists of a simple system of 

artificial neurons connected by weights and output signals, which are a function of the sum of 

inputs for the modified neuron from a linear activation function 5 and is described as.  𝑦(𝑣𝑖) = tanh(𝑣𝑖)  𝑎𝑛𝑑 𝑦(𝑣𝑖) = (1 − 𝑒−𝑣𝑖)−1 

The hyperbolic tangent function ranges from -1 to 1, and the logistic function is similar in shape 

but ranges from 0 to 1. Here yi is the output of the ith node (neuron) and vi is the weighted sum 

of the input connections. The network is divided into three layers: input, hidden, and output. 

The input layer receives the value vector for network initialization, the hidden layer performs 

training, and the output layer receives the output vector 6. The main adjustable parameters are 

the maximum amount of iterations, learning rate, momentum, and the number of neurons in 

the hidden layer 7. The datasets from all the carbon sources were modelled, measured and 

analysed with training set validation under multilayer perceptron from the classifier tab. The 

graphic user interface with intermittent weighted functional nodes in multilayer perceptron 

provides model summary, accuracy by class and confusion matrix developed under multilayer 

perceptron and the statistical measures for all carbon sources.  



Table 2. Model summary developed under multilayer perceptron 

 Glycerol Rice straw Jackfruit rind 

Correctly classified instances 93.34 91.12 97.78 

Cohen’s Kappa statistic 0.9167  0.8889  0.9722 

Root mean squared error 0.2252  0.2103  0.1424 

Precision 0.944 0.918 0.980 

Recall 0.933 0.911 0.978 

ROC area 0.978 0.967 0.994 

The design model summary (Table 2) for glycerol, rice straw and jackfruit rind showed 

significant results with correctly classified instances as 93.34%, 91.12% and 97.78% 

respectively (Supplementary Figure S2). The Cohen’s kappa statistic value also showed strong 
(0.8-0.9) to almost perfect (above 0.9) results as 0.9167, 0.8859 and 0.9722 respectively. For a 

model to be considered a good fit, the values of root mean squared error should be less than 

0.5 8. For the three carbon sources, the values of root mean error were 0.2252, 0.2103 and 

0.1423, respectively. Hence, the classifier model developed for the three carbon sources is 

significant, robust measure for inter-rater reliability of attributes, and is able to predict the data 

accurately. To investigate the overall accuracy of the model, detailed accuracy by class is 

observed using precision, recall and ROC area value 9. For the model, to predict accurately 

ROC area value 0.7-0.8 is considered acceptable, 0.8-0.9 is excellent and greater than 0.9 is 

considered outstanding 10. The results for detailed accuracy by class for the three carbon 

sources show significant results for multilayer perceptron (Supplementary Table S2 - S4). The 

weighted average value of ROC area for glycerol, rice straw and jackfruit rind is 0.978, 0.967 

and 0.994, respectively. The high value of ROC area (> 0.9) represents the model for the 

prediction of classes in CSL concentration with variable pyruvate concentration from the 

dataset obtained experimentally. Hence, it can be considered appropriate in terms of accuracy 

for the respective classes in the dataset. Similarly, weighted average results for precision and 

recall for the three carbon sources were 0.944 and 0.933, 0.918 and 0.911, and 0.980 and 0.978, 

respectively. Thus, the model shows an accreditation of multilayer perceptron in practical 

applications for full factorial experimental design. The training set modelled multilayer 

perceptron presented the confusion matrix with high accuracy and low error (Supplementary 

Table S5 - S7).  

Model validation. The learning curve (training set size vs error rate) represents the rate of 

performance of the model when a percentage of data is removed from the dataset 11. In contrast, 

ROC curve does not show learning instead it shows performance of the overall model 12. Thus, 

to understand the ability of a model to learn the effect of attributes of dataset, learning curve is 

an essential constraint. For a model to be a good fit, the goal of the learning algorithm is to 

exist between an under fit and over fit. A good fit is identified by a training and validation loss 

that decreases to a point of stability with a minimal gap between the two final loss values 13. 

The datasets from the three carbon sources is used in investigating the learning curve for the 

classifier and is shown in Figure 1. 



 

Figure 1. Learning curve for the three carbon sources 

In Figure 1, it is shown that the learning curve converges for the three carbon sources and the 

datasets are linearly separable. Thus, we can say that the one hidden layer is appropriate in the 

multilayer perceptron classifier and the model will not benefit from adding more data. 

Moreover, the error rate increases with the data removed from the dataset and it shows the 

invariability for model developed in multilayer perceptron. Thus, with the point of stability in 

the final two loss values, the model is considered to be a good fit. Moreover, continued training 

of a good fit model will likely lead to an over fit 14. Figure 2(a) shows the margin curve for 

the three carbon sources. The margin is defined as the difference between probability predicted 

for the actual class and the highest probability predicted for other classes 15. A margin of value 

1 means that the correct class was predicted with 100% confidence and a margin of value -1 

means an incorrect class was predicted with similar confidence. As per the results, the classifier 

is confident in predicting the true classes. The central values of margin curve for glycerol, rice 

straw and jackfruit rind are -0.021, -0.047, and -0.051, respectively. Figure 2(b) represents the 

classifier errors plotted with class variable against the predicted class variable. The graph 

shows instances incorrectly classified with different colours for different class levels. Figure 

2(c) represents the cost curve of classifier for the expected cost in three carbon sources. The 

cost curve plots the expected cost of using classifier against the probability cost function, which 

is a partisan type of 𝑃(+) and is at the same extremes: zero when 𝑃(+) = 0 and one when 𝑃(+) = 1 16. It is denoted by 𝐶[+|−] the cost of predicting + when the instance is actually −, 
and the contrary by 𝐶[−|+]. The axis are described as  𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑠𝑡 =  𝑓𝑛 ×  𝑃𝑐(+) + 𝑓𝑝 ×  (1 − 𝑃𝑐(+)) 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑐𝑜𝑠𝑡 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 =  𝑃𝑐(+) = 𝑃(+)𝐶[−|+]𝑃(+)𝐶[−|+] + 𝑃(−)𝐶[+|−] 
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The cost curve plots error rate as a function of 𝑝(+). Error rate is the y-axis in the plot, 𝑝(+) 

is the x-axis. The extreme values on the x-axis represent the situations where all the iterations 

to which the classifier will be applied are in the same class. If, 𝑥 =  𝑝(+)  =  0 means that all 

these iterations are negative, and if 𝑥 =  𝑝(+)  =  1 means they are all positive. When 𝑥 =  0 

a classifier’s overall error rate is simply its error rate on the negatives, since no positive 
iterations will be presented to the classifier. When x = 1 its overall error rate is its error rate on 

the positives. Joining the two points by a straight line plots its overall error rate as a function 

of 𝑝(+). This presents a single classifier which corresponds to straight line and shows how the 

performance varies as class distribution changes. The cost curve are the plots with expected 

error against the probability of one of the classes. The diagonals show the performance of two 

extreme classifiers, The first predicting ‘+’ giving an expected error of one if the dataset 
contains no ‘+’ instances and zero if all instances are ‘+’. The second predicts ‘-’ which 
represents the contrary (always wrong) performance of classifier. A good classifier have low 

error rates with diagonals as close to the bottom as possible. If P (+) is closer to the horizontal 

axis then the predictor has outperformed the classifier which always predicts ‘-’ and vice versa.  

Methods 



Classification. The full factorial design based glycerol dataset for comparison of classifiers 

was built in Microsoft Excel in the ARFF (Attribute-Relation File Format) as glycerol.arff file. 

The glycerol dataset was directly loaded in the pre-process tab of WEKA tool. The ARFF 

datasets for the two organic carbon sources (rice straw and jackfruit rind) were built and loaded 

independently in the pre-process tab. CSL concentration (nominal attribute) was pre-processed 

as the class variable for the classifier prediction of the numeric dataset (pyruvate 

concentration). The selection of CSL concentration as the class variable because, it acts as the 

replacement of inorganic nitrogen macro-nutrient in the media formulation. The processing 

conditions such as incubation time and incubation temperature are easily optimised in the 

fermenter. Moreover, the input variable in the fermenter such as inflow rate can be modelled 

as a class variable in real world problems associated with product yield. The response variables 

are results observed as the significant/non-significant values associated with the variations in 

input variables. Moreover, any changes in the independent variable provides a causal effect 

relationship on dependent variables 17. The converse may also be true, changes in responses 

can be monitored with changes in input variables and any combination thereof. 

Mathematically, 𝑓(𝑎, 𝑏, 𝑐) = 𝑑;  𝑓(𝑎, 𝑏, 𝑑) = 𝑐;  𝑓(𝑎, 𝑐, 𝑑) = 𝑏;  𝑓(𝑏, 𝑐, 𝑑) = 𝑎 

Thus, utilisation of input variables as class variables can help in classification model 

development in the laboratory experiments. Moreover, the number of experimental runs are 

generally limited, and the utilisation of full factorial design is crucial in this regard. 

Comparison of classifiers. Classification uses the application of standard algorithms to clearly 

describe, distinguish discrete classes for the model and to predict each iteration in the dataset 

under experimental conditions 18. However, the classification algorithms used to solve various 

problems is extremely diverse. Hence, it is imperative to study in order to deduce the most 

suitable classifier algorithm for application in the target problems 19. In this study, all possible 

classifiers were investigated in terms of classifier accuracy using knowledge flow environment 

of WEKA tool. The statistical measures (highest correctly classified instances, ROC area, etc.) 

were used in the screening and selection of classifier for model development (Supplementary 

Figure S3). The classifier selected at this step was applied to the other carbon sources for 

classification of CSL concentration. 

Model validation. After screening of classifiers, the classifier with highest accuracy i.e. 

multilayer perceptron was used to develop model for the three carbon sources and the standard 

statistical measures are represented. The linear separability can be investigated for the 

classification of data using the learning curve (Supplementary Figure S4). If the classification 

of data is plotted on a single line and the classes can be separated by a single point it is said to 

be linearly separable 20. The learning curve for the screened classifier was built on percent 

incorrect with confidence level less than 5%. Finally, the classifier was validated using margin 

curve, classifier errors and cost curve visualisations for the three datasets. 
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