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Abstract 
The study aims to analyze the haematological parameters of Cyprinus carpio 
with reference to the formulation of the probiotic fortified feeds using a machine 
learning approach. C. carpio fed with pelletized feed, probiotic pelletized feed 
(5% Lysinibacillus macroides), probiotic pearl beads (5% L. macroides) and 
probiotic rice puff (5% L. macroides) for 60 days. At the end of the experiments, 
using blood samples, the haematological indices such as leucocytes, 
erythrocytes, hemoglobin, hematocrit and packed-cell-volume, were analyzed. 
Duncan’s Multiple Range Test showed that the haematological parameters in 
control feeding regimes significantly (P<0.05) were low compared with that of 
the probiotic feeding regimes. The data sets of different feeding regimes were 
classified using the machine learning method. In the present study, the 
classifiers like the Random Forest, the Linear Model, and the Decision Tree were 
employed. To identify the relationship between the features, correlation 
coefficient and dendrogram were applied. The results of the machine learning 
method showed high accuracy (98%) in random forest methods followed by the 
decision tree method. The correlation coefficient between the haematological 
indices recorded a positive value. But, calculated values of mean corpuscular 
volume, mean corpuscular hemoglobin and mean corpuscular haemoglobin 
concentration were either low positive or negatively correlated with other 
haematological indices. Based on the results, the Random Forest, Linear Model 
and Decision Tree Analysis might be considered for haematological classification 
of the fish haematological data set. 
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Introduction 
Fishes are important organisms in aquaculture industry, because of its rich protein source 
and omega fatty acids, for maintaining good health (Skonberg and Perkins 2002). Apart 
from great source of nutrients, fish plays a vital role in human health. Additives in the feed 
formulation particularly, prebiotic and probiotic, helps in boosting the natural defense of a 
fish (Gültepe et al., 2011; Amenyogbe et al., 2020). Probiotics are used as immune 
stimulants in fish farming to overcome the use of antibiotics for fish-related diseases (Ringo 
2020). Haematological parameters of fishes are employed as diagnostic tools to study the 
health status of the fish (Pradhan et al., 2012). In recent years, researchers have been 
reporting the relationship between biometric parameters and blood parameters of fishes 
to distinguish the healthy animals from disease-infected animals, and to evaluate the 
precise health status of the fish (Fazio et al., 2015; 2017). Many authors have reported 
the influence of haematological parameters of fishes which depends on different types of 
feed (Dahiya et al., 2012; Nargesi et al., 2020; Ahmadifar et al. 2020). However, very few 
reports are available related to the haematological indices and immune response of fish 
health (Ahmed et al. 2020). 
 Artificial Intelligence (AI) is as of now making tremendous upgrades to the proficiency 
and sustainability of global aquaculture. Machine learning is the subset of AI, dealing with 
the design and assessment of algorithms that facilitate pattern recognition, classification 
and prediction, based on models derived from existing data (Tarca et al., 2007). Machine 
learning is divided into supervised, unsupervised and reinforcement learning methods 
(Esteva et al., 2019). Machine Learning, Deep Learning, and Artificial Neural Network 
(ANN) are used in the medical field for diagnosis of diseases (Nallamuthu and Palanichamy, 
2015; Shouval et al., 2021) and clinical trial monitoring was optimized by dynamic 
programming method (Jennison and Turnbull, 2013). Recently, machine learning methods 
are applied in taxonomy, environmental modelling and classification of morphometric data 
in the field of fisheries (Strachan, et al., 1990; Hu et al., 2012a; 2012b). Recently, McGuirl 
et al. (2020) analyzed the topological data for classification of the zebrafish pattern. Using 
machine learning method, Gultepe and Gultepe (2020) reported the haematological 
parameters of the Seabream. The present study classifies the impact of different probiotic 
formulated feeds on the haematological parameters of C. carpio using the machine learning 
approach. 
 

Materials and Methods 
Experimental design.  
 Experiment was conducted using C. carpio with mean initial length and weight of 
11.29±1.24 cm and 26.83±1.33 g, respectively. Fishes were procured from Tamilnadu fish 
farm, Kolathur, Chennai. They were immediately transported to the laboratory with proper 
aeration and acclimatized to the laboratory condition for 24 h. They were divided into 4 
groups and fed with pelletized feed without probiotic (Control), probiotic pelletized feed 
(5% L. macroides) (Trial I), probiotic pearl beads (5% L. macroides) (Trial II), and probiotic 
rice puff (5% L. macroides) (Trial III). The experiments were conducted for 60 days and 
they were maintained as per the guidelines of Committee for the Purpose of Control and 
Supervision of Experiments on Animals (CPCSEA) and fed ad libitum with respective feed. 
Culture was maintained in three replicates and stocked with 25 fishes in each replicate. 
The length and weight of fishes were 12.34 ± 1.43 cm and 38.57 ± 4.51 g respectively. 
 Haematological indices. At the end of the experiments, randomly five fishes were 
sampled for blood sample collection from three replicates and anaesthetized with 
Benzocaine (50 mg/L). Blood samples were collected using a heparinized syringe from the 
caudal vein of the fishes for haematological studies. The haematological parameters, red 
blood corpuscles (RBC, 106/mm3), white blood corpuscles (WBC, 103/mm3), haemoglobin 
(Hb, g/dL), hematocrit (HCT, %), packed-cell-volume (PCV, %), mean corpuscular volume 
(MCV, fL), mean corpuscular haemoglobin (MCH, pg) and mean corpuscular haemoglobin 
concentration (MCHC, g/dL) were determined and calculated (Eyiwunmi et al. 2018). The 
haematological parameters were classified using four types of data sets. 
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 Statistical analysis. The obtained data sets were first statistically analyzed using SPSS 
21.0 ver. Descriptive statistics, mean and standard deviation were calculated. One way 
ANOVA was analyzed between the different feeding regimes of haematological parameters 
of the C. carpio. Duncan’s Multiple Range Test (DMRT) were performed between the mean 
difference at P<0.05. The data is represented as mean ± SD and P<0.05 is considered as 
significant. 
 Machine learning approach. Data quality was assessed before the analysis with 
machine-learning methods. The obtained data were subjected to machine learning using 
the R-project. The data set are represented in Table 1. The data was classified employing 
the Random Forest (RF), Linear Model (LM), and Decision Tree (DT). To identify the 
relationship between the attributes, correlation coefficient and Heat Map procedures were 
applied. In the present study, the data sets were efficiently run in machine learning 
methods with randomly selected 70% training set and 30% test set. 
 

Table 1 Data set of haematological parameters of C. carpio fed with different formulations of 
probiotic feed 

 RBC WBC HB HCT PCV MCV MCH MCHC 

C 2.65 21.55 9.66 26.53 32.21 100.11 36.45 36.41 

C 2.86 19.22 9.55 30.89 32.15 108.01 33.39 30.92 

C 2.05 24.45 9.28 27.89 28.22 136.05 45.27 33.27 

C 2.71 21.11 9.01 27.06 31.07 99.85 33.25 33.30 

C 2.66 22.84 9.34 28.17 30.68 105.90 35.11 33.16 

T1 4.01 30.11 12.88 38.17 41.24 95.19 32.12 33.74 

T1 3.88 36.57 15.49 35.42 39.24 91.29 39.92 43.73 

T1 3.78 34.11 14.55 32.55 35.12 86.11 38.49 44.70 

T1 4.11 35.18 15.25 36.47 38.14 88.73 37.10 41.82 

T1 3.65 35.21 15.67 35.27 39.28 96.63 42.93 44.43 

T2 2.88 25.55 11.41 32.55 36.15 113.02 39.62 35.05 

T2 3.06 33.22 12.85 32.44 34.25 106.01 41.99 39.61 

T2 3.55 30.45 11.77 36.11 30.78 101.72 33.15 32.59 

T2 3.18 34.22 12.98 37.28 34.88 117.23 40.82 34.82 

T2 3.21 35.24 13.04 38.01 35.17 118.41 40.62 34.31 

T3 2.84 32.14 13.74 36.11 35.66 127.15 48.38 38.05 

T3 3.15 30.88 12.74 35.44 36.17 112.51 40.44 35.95 

T3 3.88 28.11 14.55 30.74 33.58 79.23 37.50 47.33 

T3 3.47 27.45 14.27 32.17 35.11 92.71 41.12 44.36 

T3 3.57 28.15 12.14 33.15 33.07 92.86 34.01 36.62 

RBC – Red Blood Cell(106 cells /mm3); WBC – White Blood Cell(103 cells/mm3); HB – Haemoglobin(g/dL); 
HCT – Haematocrit(%); PCV – Packed-Cell-Volume(%); MCV –Mean Corpuscular Volume(fL); MCH – Mean 
Corpuscular Haemoglobin(pg); MCHC – Mean Corpuscular Haemoglobin Concentration(g/dL) 

 
Results 

Haematological indices of fish C. carpio were fed with different formulations of probiotic 
feed depicted in Table 2. The haematological indices (RBC, HB, HCT, PCV) of C. carpio 
were recorded in the order of Trial 1 (T I) > Trial III (T III) > Trial II (T II) > control (C) 
feeding regimes. Statistical analysis, ANOVA for blood parameters of C. carpio fed in the 
experimental feeding regimes showed significantly increase (P<0.05) in haematological 
indices except for MCV (P>0.05). Post-hoc DMRT’s indicated significantly low value of 
haematological parameters in the control feed fed fishes, compared to the fishes fed in the 
experimental feeds (T1, T2 and T3) (P<0.05) (Table 2). 
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Table 2 Haematological indices of C. carpio fed with different formulations of probiotic feed* 

Blood Parameters C T1 T2 T3 

RBC (106 cells /mm3) 2.58 ± 0.31a 3.88 ± 0.18c 3.17 ± 0.24b 3.38 ± 0.39b 

WBC (103 cells/mm3) 21.83 ± 1.95a 34.23 ± 2.46c 31.73 ± 3.89bc 29.34 ± 2.04b 

HB (g/dL) 9.36 ± 0.25a 14.76 ± 1.13d 12.41 ± 0.76b 13.48 ± 1.02c 

HCT (%) 28.10 ± 1.68a 35.57 ± 2.04b 35.27 ± 2.62b 33.52 ± 2.24b 

PCV (%) 30.86 ± 1.36a 38.60 ± 2.24c 34.24 ± 2.05b 34.71 ± 1.33b 

MCV (fL) 109.98 ± 15.01b 91.59 ± 4.37a 111.28 ± 7.28b 100.89 ± 1.89ab 

MCH (pg) 36.69 ± 4.97a b 38.11 ± 3.98ab 39.24 ± 3.50b 40.29 ± 5.32b 

MCHC (g/dL) 33.41 ± 1.95a 41.68 ± 4.58b 35.57 ± 2.60ab 40.46 ± 5.08b 

*The values are represents as Mean±SD; Anova followed by DMRT’s performed; Different superscripts in rows shows 

significantly different at P < 0.05 level 

 
 Figure 1 shows the features with respect to the class label, it is deduced that the 
distribution of control class in MCV was overlapping with other classes T1, T2, T3 and for 
the remaining, attributes control was separated from T1, T2 and T3.  
 

 
Figure 1 Distribution of haematological parameters of C. carpio by different feeding regimes using 

box plot. 

 
 
 
 
 
 
 
 



 Analysis of haematological parameters of C. carpio with machine learning 5 

The Israeli Journal of Aquaculture – Bamidgeh•IJA.73.2021.1425477 
 

In Figure 2, the statistical summary of MCV for each unique Class label Control, T1, T2 
and T3, and the inference was that the values of MCV for individual class labels are 
overlapping, and it is difficult to identify the class labels using MCV. 
 

 
Figure 2 Summary plot of MCV of C. carpio respect to different feeding regimes 

 
In Figure 3 shows the distribution of features by class labels using histograms. From the 
figure, it is observed that the value of HB in the Control class was within 10 and there was 
no overlapping with other class labels T1, T2 and T3.  
 
 

 
Figure 3 Distribution of haematological parameters of C. carpio by different feeding regimes using 

histogram density plot 
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Figure 4 represents the summary plot of HB with respect to the class labels. When the 
value of HB was less than 10, it was labelled as control. 
 

 
Figure 4 Summary plot for HB of C. carpio with respect to different feeding regimes 

 
 The correlation between the parameters shows that, there was a high positive 
correlation between the features of haematological parameters, whereas calculated values 
(MCV, MCH and MCHC) were negatively correlated with other haematological parameters 
(Figure 5).  
 

 
Figure 5 Correlation co-efficient between the C. carpio haematological parameter 
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 The heat map obtained for a given dataset is presented in Figure 6. It reorders both 
features and observations using a hierarchical agglomerative clustering algorithm. It 
computes the distance between each pair of rows and columns and tries to arrange them 
by similarity. The corresponding dendrogram is provided beside the heatmap. The x-axis 
represents the haematological parameters and the y-axis represents the observations of 
the sample. It deduces the distance between HCT and PCV which is small and the similarity 
between the observations 14 and 15 is high. 
 
 

 
Figure 6 Heat map of C. carpio haematological parameters 

 
 
 The decision tree root node represents the 100% of observations that were used at the 
node and the probability of occurrence is 14%, 21%, 36% and 29% for the class labels of 
Control, T1, T2 and T3, respectively, for the given condition MCV >= 98. The bottom level 
leaves show 64% of observations which are classified using WBC < 24 and 36% 
observations are classified using WBC >=29.In this work, three different classifier models 
Decision Tree, Random Forest and Linear Model were applied and 70% of the available 
data is allocated for training. The remaining 30% of the data are equally partitioned as 
validation and test data sets. The accuracy obtained from the classifier models using 
training, validation, testing and entire dataset is shown in Figure 8. The Random Forest 
gives 100% accuracy for training, validation, testing and 98% in the entire dataset. 
However, validation, testing and the entire dataset was 50%, 50%, and 85% respectively, 
in the Linear Model (Figure 7) 
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   Figure 7 Accuracy obtained from the classifier models 

 

Discussion 
In fisheries study, only a few reports are available related to the machine learning 
approach. In general, recognition of pattern data (Mendoza et al., 2011), population 
(Trifonova 2016), morphological pattern (Cui et al., 2020; Güney and Atasoy 2015) and 
environmental (Michael et al., 2019) studies were reported in fishery science. 
 In the present study, classification of haematological indices using machine learning 
approach in fish with reference to probiotic feed was attempted. Gultepe and Gultepe 
(2020) analyzed the haematological parameters of the sea bream, by the machine learning 
methods and reported that the hematocrit value that there was a difference in the 
mannooligosaccharides feed, compared to the control feed. Coz-Rakovac et al (2008) 
classified the biochemistry profile of three different fishes affected during aquaculture 
activities. Rahman and D’Este (2015) stated that the decision tree method assessed and 
attained the best balancing algorithm for predicting the fish location. 
 The machine learning approaches consist of Decision Tree, Random Forest and Linear 
Model, which were applied to the haematological parameters of C. carpio. Descriptive 
statistics is an important step before machine learning for looking at the observations from 
the dataset. Boxplot and histogram density plot are applied to all the features with respect 
to the class labels to know the distribution of the features. The correlation coefficient and 
heat map are employed to identify the relationships between the features in a high 
dimensional space.  
 The machine learning approach used in the current study gives high accuracy for 
Random Forest. The machine learning approach and the descriptive statistical models are 
developed using the R statistical package, provides a systematic prediction of assumed 
cases, present state, future consequences and possible remedies of any problem in current 
biology. This study substantiates, haematological parameters of C. carpio fed with 
probiotics added feed are better than the control feed. The results of the present study 
were encouraging but there is a need to investigate this approach in greater depth. More 
research should be conducted to focus light on this novel tool and its application in 
haematological indices of fishes. As this result provides better knowledge about machine 
learning and its application, in future, we aim to extend this R based machine learning 
approach for predicting fish-related diseases accurately. 
 
 



 Analysis of haematological parameters of C. carpio with machine learning 9 

The Israeli Journal of Aquaculture – Bamidgeh•IJA.73.2021.1425477 
 

Acknowledgements 
The authors are grateful to the Management, the Principal and the Head, Department of 
Biotechnology, Karpaga Vinayaga College of Engineering and Technology for providing 
laboratory facilities to carry out the work. The authors would like to thank Mrs. Dolla 
Mukherjee for her diligent proofreading of this manuscript. 
 

References 
Ahmadifar, E., Sadegh, T.H., Dawood, M.A.O., Dadar, M., Sheikhzadeh, N., 2020. 
The effects of dietary Pediococcus pentosaceus on growth performance, hemato-
immunological parameters and digestive enzyme activities of common carp (Cyprinus 
carpio). Aquaculture 516: 734656.https://doi.org/10.1016/j.aquaculture.2019.734656 
Ahmed, I., Reshi, Q.M., Fazio, F., 2020. The influence of the endogenous and exogenous 
factors on Hematological parameters in different fish species: a review. Aquaculture 
International 28:869-899.https://doi.org/10.1007/s10499-019-00501-3 
Amenyogbe, E., Chen, G., Wang, Z., Huang, J., Huang, B., Li, H., 2020. The 
exploitation of probiotics, prebiotics and synbiotics in aquaculture: present study, 
limitations and future directions: A review.  Aquaculture International28:1017-
1041.https://doi.org/10.1007/s10499-020-00509-0 
Coz-Rakovac, R., Smuc, T., Popovic, N. T., Strunjak-Perovic, I., Hacmanjek, M. 
Jadan,M., 2008. Novel methods for assessing fish blood biochemical data. Journal of 
Applied Ichthyology 24:77-80.https://doi.org/10.1111/j.1439-0426.2007.01041.x 
Cui, S., Zhou, Y., Wang, Y., Zhai, L., 2020. Fish Detection Using Deep Learning. Applied 
Computational Intelligence and Soft Computing Article ID 3738108, 
https://doi.org/10.1155/2020/3738108. 
Dahiya, T., Sihag, R.C., Gahlawat, S.K., 2012. Effect of Probiotics on the Haematological 
Parameters of Indian Magur (Clarius batrachus L.). Journal of Fisheries and Aquatic Science 
7:279-290.https://doi.org/10.3923/jfas.2012.279.290 
Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., Cui, 
C., Corrado, G., Thrun, S., Dean, J., 2019. A guide to deep learning in healthcare. Nature 
Medicine 25(1): 24-29.  https://doi.org/10.1038/s41591-018-0316-z 
Eyiwunmi, F.A., Augustine, O., Ovie, W.K., 2018. The Haematological parameters of 
Catfish (Clarias gariepinus) fed Fish Feeds with replaced Premix using Moringa Leaf Meal 
(MLM). Madridge Journal of Aquaculture Research and Development 2(1):35-
39.https://doi.org/10.18689/mjard-1000107 
Fazio, F., Saoca, C., Casella, S., Fortino, G., Piccione, G., 2015. Relationship between 
blood parameters and biometric indices of Sparus aurata and Dicentrarchus labrax cultured 
in onshore tanks. Marine and Freshwater Behaviour and Physiology 48(4):289-296. 
https://doi.org/10.1080/10236244.2015.1041239 
Fazio, F., Saoca, C., Vazzana, I., Piccione, G., 2017. Influence of body size on blood 
hemogram in rainbow trout Oncorhynchus mykiss (Walbaum, 1792). Veterinary Medicine 
- Open Journal 2:91-94.https://doi.org/10.17140/VMOJ-2-121 
Gültepe, N., Salnur, S., Hoşsu, B., Hisar, O., 2011. Dietary supplementation with 
Mannanoligosaccharides (MOS) from Bio-Mos enhances growth parameters and digestive 
capacity of gilthead sea bream (Sparus aurata). Aquaculture Nutrition 17(5):482-
487.https://doi.org/10.1111/j.1365-2095.2010.00824 
Gultepe, Y., Gultepe, N., 2020. Preliminary Study for the Evaluation of the 
Haematological Blood Parameters of Seabream with Machine Learning Classification 
Methods. The Israeli Journal of Aquaculture - Bamidgeh 72:1-10. 
Güney, S., Atasoy, A., 2015. Study of fish species discrimination via electric nose. 
Computer and Electronics in Agriculture 119:83-
91.https://doi.org/10.1016/j.compag.2015.10.005 
 
 
 



10 Mani et al. 2021  

The Israeli Journal of Aquaculture – Bamidgeh•IJA.73.2021.1425477 

Hu, J., Li, D.,Duan, Q., Han, Y., Chen, G., Si, X., 2012a. Fish species classification by 
color, texture and multi-class support vector machine using computer vision.Computers 
and Electronics in Agriculture, 88:133-140. 
https://doi.org/10.1016/j.compag.2012.07.008 
Hu, Y., Mian, A.S., Owens, R., 2012b. Face recognition using sparse approximated 
nearest points between image sets. IEEE Transactions on Pattern Analysis and Machine 
Intelligence 34:1992–2004.https://doi.org/10.1109/TPAMI.2011.283 
Jennison, C., Turnbull, B.W., 2013. Interim monitoring of clinical trials: Decision theory, 
dynamic programming and optimal stopping. Kuwait Journal of Science 40(2):43-59.  
McGuirl, M.R., Volkening, A., Sandstede, B., 2020. Topological data analysis of 
zebrafish patterns. Proceedings of the National Academy of Sciences of the United States 
of America117 (10):5113-5124. https://doi.org/10.1073/pnas.1917763117 
Mendoza, M., Pennino, M.G., Bellido, J.M., 2011. Tree-based machine learning 
analysis for fisheries research. In: Fishery Management. Eds: Janine S. Intilli. Nova 
Publisher, Pp. 33-459. New York. ISBN: 978-1-61209-682-7.  
Michael, S.E., Abarike, E.D., Cai, J., 2019. A review on the probiotic effects on 
haematological parameters in fish. Journal of FisheriesSciences.com 13(3):25-31. 
Nallamuthu, R., Palanichamy, J., 2015. Optimized construction of various classification 
models for the diagnosis of thyroid problems in human beings. Kuwait Journal of Science 
42(2):189-205. 
Nargesi, E.A., Falahatkar, B.,Sajjadi, M.M., 2020. Dietary supplementation of 
probiotics and influence on feed efficiency, growth parameters and reproductive 
performance in female rainbow trout (Oncorhynchus mykiss ) broodstock. Aquaculture 
Nutrition26(1): 98-108.  https://doi.org/10.1111/anu.12970 
Pradhan, S.C., Patra, A.K., Sarkar, B., Pal, A., 2012. Seasonal changes in 
Haematological parameters of Catla catla. Comparative Clinical Pathology 21(6):1473-
1481.https://doi.org/10.1007/s00580-011-1316-2 
Rahman, A., D’Este, C., 2015. Shellfish farm closure prediction and cause identification 
using machine learning methods.Computers and Electronics in Agriculture110:241-
248.https://doi.org/10.1016/j.compag.2014.11.023 
Ringo, E. 2020. Probiotics in shellfish aquaculture. Aquaculture and Fisheries 5(1):1-
27.https://doi.org/10.1016/j.aaf.2019.12.001 
Shouval, R., Fein, J.A., Savani, B., Mohty, M., Nagler, A., 2021. Machine learning and 
artificial intelligence in haematology. British Journal of Haematology 192(2):239-250. 
https://doi.org/10.1111/bjh.16915 
Skonberg, D.I., Perkins, B.L., 2002. Nutrient composition of green crab (Carcinus 
maenus) leg meat and claw meat. Food Chemistry 77(4):401-404. 
https://doi.org/10.1016/S0308-8146(01)00364-8 
Strachan, N.J.C., Nesvadba, P., Allen, A.R., 1990. Fish species recognition by shape 
analysis of images. Pattern Recognition23(5):539-544.https://doi.org/10.1016/0031-
3203(90)90074-U 
Tarca, A.L., Carey, V.J., Chen, X-W., Romero, R., Drăghici, S., 2007. Machine 
Learning and Its Applications to Biology. PLoS Computational Biology 3(6):e116. 
https://doi.org/10.1371/journal.pcbi.0030116 
Trifonova, N., 2016. Machine-Learning Approaches for Modelling Fish Population 
Dynamics. Ph. D. Thesis., Brunel University, London. 
 


