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Figure 3. Workflow performed during the experiment. The most important part was the
micro-CT scan, where the parameters of the scan had to be exactly identical for all the
samples. Numbers in the parentheses indicate the order of action.

Table 1. Results of classification (precision and recall) using different methods (0 — not
contaminated samples, 1 - contaminated samples).

Model Class Precision Recall
Figure 1. Representation of fish bred in different environments in exposure on different Logistic 0 100% 30%
heavy metals with concentration of 4 mg/ml regression 1 33% 100%
o (0)
Decision Trees ] 57% 100%
Samples (operculum) were derived from Carassius Gibelio fish and 0 100; 33cy0
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were contaminated with two types of heavy metals. Zinc (Zn), (k=1) 1 67% 100%
cadmium (Cd), and their mixture (Zn+Cd), also control group with 0 0% 0%
no exposure to heavy metal was cultured (Fig. 1). Then imaging SVM 1 50% 100%
procedure using micro-computed tomography was performed.
Reconstructed images delivered data, which enabled us to extract
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which algorithms learn. In this research following machine learning 0.30
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comes to classification, exceeding 80% of accuracy (for KNN, DT and

control ZInc cadmium zinc+cadmium

Sample type logistic regression). With some adjustments, in the future, it is

Figure 2. Distribution of the greyscale value among the different groups. possible to achieve even more prominent results. Furthermore,
using more advanced machine learning algorithms like neural

networks the results could be even more accurate.

The best results were achieved for the simplest logistic regression,
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