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Machine learning models, including predictive algorithms and neural networks, were
used to compare data and make predictions regarding the effect of pollution on fungi
based on soil and air data. Wild mushrooms were selected due to their high capacity for
heavy metal uptake and ecological sensitivity, making them effective indicators of
environmental pollution. Soil and fungal sampling was performed at varying distances
from pollution sources. The samples underwent various chemical analyses to determine
metal content, with metal concentrations expressed in mg/kg. The bioaccumulation factor
was calculated, and heavy metal concentrations were measured using Atomic Absorption
Spectroscopy (AAS). Orange Data Mining was used to apply machine learning
algorithms, specifically neural networks, to predict the effects of pollution on metal
accumulation in fungi based on soil and air measurements. Machine learning forecasts
further suggested that fungi located closer to polluted sites tend to accumulate heavy
metals, with lead accumulating at 6 mg/kg and cadmium at 2.67 mg/kg. Neural network
forecasts showed good consistency with the actual values of bioaccumulation to indicate
the possibilities of the algorithm in forecasting rates of pollution of soils and air with high
levels of efficiency, particularly the heavy metals deposited within the mushrooms. Wild
mushrooms from polluted areas were found to have greater efficiency in the
bioaccumulation of heavy metals due to their very high absorption capability. Machine
learning algorithms also provided correct results in predicting the effects of pollution on
the environment, signifying the effectiveness of wild mushrooms as ideal bioindicators.

1. INTRODUCTION

Wild fungi serve as key bioindicators of environmental
quality due to their unique ability to absorb and accumulate
heavy metals and other pollutants from their surroundings [1].
These fungi, as natural elements of ecosystems, interact with
various environmental factors, making them invaluable in
monitoring soil and water quality [2, 3]. As soil-dependent
organisms, fungi are directly affected by the presence of these
metals, some of which exhibit a high capacity for absorption
and storage. Thus, fungi have been found to be very good
bioindicators for assessing soil quality and detecting heavy
metal pollution levels [4, 5]. They also provide critical insights
into soil-plant interactions that help with the evaluation of the
broader impacts of environmental contamination [6].

Artificial intelligence has revolutionized environmental
monitoring and assessment. Al, especially machine learning
algorithms and data analysis techniques, enables researchers
to analyze complex datasets, recognize patterns, and develop
predictive models related to contaminant accumulation in wild
fungi [7]. These methods incorporate various data sources,
including soil chemistry, climatic conditions, and biological
responses, to provide a holistic understanding of the
relationship between heavy metal levels and fungal population
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health. Recent works have highlighted the increasing
importance of Al in environmental strategies, from the
remediation of polluted lands and efficient waste management
to risk analysis of heavy metal soil contamination [8].
Besides, Al applications also extend to ecosystem
management. For example, in Mediterranean forests under
climate change, wild mushrooms have been used as
environmental indicators. Studies using long-term data on
mushroom production integrated various variables such as
climate factors, forest structure, and satellite-derived
vegetation indices. Machine learning algorithms such as
neural networks and Random Forest models were employed,
leading to the development of high-accuracy classification
systems. These models enable sustainable management of
mushroom production within ecosystems, offering early
warnings for environmental changes and improving data
quality in bioindicator studies [9]. Artificial Neural Networks
(ANNSs) are supervised classifiers belonging to the deep
learning family of algorithms. Unlike traditional machine
learning models, ANNs are based on neural network
architectures with a significantly larger number of hidden
layers, enhancing their capacity to model complex patterns in
data [10]. Using backpropagation techniques, ANNSs learn
from sample data by iteratively adjusting weights to minimize
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errors. This process enables the network to recognize inherent
patterns in the data within its layered architecture.

ANN algorithms have been proven highly efficient for land
cover classification in remote sensing imagery and have been
successfully applied across various regions [10-12]. They
excel in generalizing patterns from input data (samples),
making them particularly well-suited for remote sensing data
analysis [13, 14]. The feedforward neural network, a
commonly used ANN variant, is ideal for pattern recognition
tasks [15]. Moreover, ANN is less sensitive to noisy sample
data compared to other models, making it robust in handling
diverse datasets [16, 17].

In a generalized ANN architecture, the model consists of an
input layer, one or more hidden layers, and an output layer [18,
19]. While multiple hidden layers can enhance learning
capacity, often, a single hidden layer is sufficient to achieve
satisfactory results, helping to reduce computational time
without compromising accuracy. Figure 1 illustrates a
generalized ANN architecture [20].

The Support Vector Machine (SVM) is a widely used
machine learning algorithm in remote sensing image
classification, known for its ability to achieve high accuracy,
particularly in multi-temporal satellite image classification.
SVM operates based on classification and regression
principles, identifying the optimal hyper plane that separates
data points using a given sample. This method has proven
robust in distinguishing both heterogeneous and homogeneous
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land features in remote sensing applications, as demonstrated
in various studies [21-23].

Figure 1. Structure of simple ANN architecture [20]

The effectiveness of SVM depends on the distribution
pattern of the training samples, which determines whether the
dataset is linearly separable or inseparable. This, in turn,
influences the mathematical equation of the optimal
hyperplane to be employed [24]. For datasets that are linearly
separable, the decision boundary or margin can be visualized,
as illustrated in Figure 2.
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Figure 2. Hyperplane of SVM model [25]

The innovation in the study included the "MTC-BCNN"
network, which combined multi-scale features with attention-
focusing techniques and contributed to improving the
classification accuracy up to 95.97%. This is innovative
because it focuses on the incorporation of fine-grained features
from images to improve the performance of models while
reducing computational complexity [25], this study will
therefore focus on an assessment of the use of artificial
intelligence in determining the applicability of wild fungi as
bioindicators of heavy metal contamination.

The research could study different machine learning
techniques using neural networks and regression models to
forecast the accumulation of lead and cadmium in fungi based
on environmental parameters. With this work, we want to
contribute to the improvement of wild fungi performance as
bioindicators and promote new sustainable procedures for
monitoring environmental quality.
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2. MATERIALS AND METHODS
2.1 Sample collection and preparation

Site Selection: Samples were collected from the Nukhayb
desert, Rutba district, Anbar Governorate, Irag. Two main
areas were chosen: one near mushroom growth and another at
a distance for comparison.

Sample Collection: Wild mushroom (Terfezia Tirmania)
samples were collected manually from specific locations in the
area. Soil and air samples were collected from around
mushroom growth sites once, with soil and air samples taken
from distant areas where mushrooms do not grow, considering
a certain depth about 5-20 cm to ensure a true representation
of the soil conditions. Samples were put in sterile bags to avoid
contamination, then transported to the lab under appropriate
conditions at low temperature to ensure quality maintenance



according to studies [26, 27].

Mushroom, Soil and Air Analysis: The preparation of
samples to be analyzed could be made using techniques such
as Atomic Absorption Spectroscopy (AAS) that will provide
the concentration of heavy metals. These kinds of techniques
allow obtaining results with accuracy about the lead and
cadmium concentrations in samples [28].

Initial Preparation of the Sample: The samples were
washed from dirt and surface impurities, then dried using an
oven to ensure that the results are not affected by moisture.
The soil samples were then dried at low temperatures to get rid
of excess moisture and collect the suspended particles in the
air using filters for measuring contaminated heavy metals [29].

Analytical Techniques

e Heavy Metal Extraction: Nitric acid digestion was
used for metal extraction [30].

e Concentration Measurement: Atomic Absorption
Spectroscopy (AAS) measured lead and cadmium
concentrations in soil, air, and fungi [11].

e Bioaccumulation Factor (BCF): Calculated as the
ratio of metal concentration in fungi to soil [12].
Bioaccumulation calculation: The bioaccumulation
factor (BCF) for both metals, lead and cadmium, was
computed using the following equation, according to
study [26]. BCF will present the capability of fungi
for absorbing and accumulating heavy metals from
the soil. High BCF value means that greater is the
potential of fungi to bioaccumulation such metals
[13].

Conc.of Metal in Fungi (71?—:3)

BCF =
Conc.of Metal in Soil (11?_5)

e Standards and Quality: Measurements were carried
out according to the international standard ISO 11466
for measuring heavy metals in the environment. Care
was taken to disinfect the equipment used, and
contamination was avoided in the preparation and
analysis stages [14].

e  Soil Properties: Through electrical probes by using
a moisture meter probe, conductivity sensors, and
capacitance sensors following the identification of
the very same location from which samples have
been collected. Inserting the probe directly into the
soil at a suitable depth, normally 10-20cm, making
sure the probe is in an upright position and that
accurate measurements can be undertaken and all
impurities surrounding the area are removed to avoid
any possibility of contamination. The measuring
device is then turned on and the device sends
electrical signals through the probe for the purpose of
data analysis: the reading on the device will indicate
the moisture level (usually in %) if conductivity
sensors are used. If capacitance sensors are used, it
will give the capacitance value which can be
converted to moisture percentage using equations, the
data is then recorded [15].

Machine Learning Models
e Algorithms Applied: Decision trees, Random Forest,
SVM, and Neural Networks were utilized [16, 17].
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e Data Input: Concentrations of lead and cadmium in
soil, air, and fungi were used as predictors. BCF was
the target variable.

e Model Evaluation Metrics: Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and R-
squared values assessed model performance.

2.2 Random Forest algorithm

The Random Forest algorithm stands at the center of
machine learning approach in the study, chosen for its
capability to handle high-dimensional data. Random forests
operate by constructing numerous decision trees during
training time, each on a random subset of data and attributes.
The final classification is then produced by aggregating the
predictions of all the individual trees, usually by majority
voting [27].

The reasons why Random Forest is the perfect algorithm to
use for malicious code detection include the ability to handle
high-dimensional interactions among the features and
overfitting particularly with noisy, imbalanced sets of data.
Because it has an ensemble, Random Forest does not lose
valuable representation of extensive ranges of kinds of
patterns and relationships to produce very accurate, robust
malicious code detection compared to innocent behavior.

An important procedure of any machine learning model is
the validation of its accuracy. The model performance in
regression analysis can be tested on the basis of the following:
Mean Squared Error (MSE), Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), and R-Squared
(Coefficient of Determination) [18].

MAE: The mean absolute difference between predicted and
actual values in the data set. It approximates the average
residuals in the data set [18].

MSE: Average squared differences between forecasted and
true values in the data set. It measures variance of residuals
[28].

RMSE: The square root of Mean Squared Error. It measures
standard deviation of residuals [19].

R-Squared (Coefficient of Determination): It measures the
fraction of variance in the dependent variable explained by the
regression model. It is a scale-free measure in the sense that
regardless of whether values are large or small, the R-squared
value will always be less than one [18].

1y N
MAE = <>y, -9
i=1

MSE represents the average of the squared difference
between the original and predicted values in the data set. It
measures the variance of the residuals [18].

N

1 N
MSE =2 (v =9

i=1

RMSE is the square root of Mean Squared error. It measures
the standard deviation of residuals [18].

N
RMSE = MSE = ’%Z(yi -y
i=1

The coefficient of determination or R-squared represents
the proportion of the variance in the dependent variable which
is explained by the linear regression model. It is a scale-free



score i.e. irrespective of the values being small or large, the
value of R square will be less than one [18].

2.3 Application of machine learning algorithms

It applies algorithms like linear regression to understand the
relationships among variables, which might be in the form of
lead and cadmium concentration in fungi, soil, and air. Linear
regression is the simplest and most straightforward to develop
predictive models. These algorithms help provide accurate
predictions based on the available training data. Support vector
machines (SVMs) are also used in some studies that call for
more complex models to improve the accuracy of predictions
when dealing with data containing multiple and complex
variables [29]. Model building: First of all, model building
requires data gathering and analysis through some machine
learning algorithms like neural networks or support vector
machines. These algorithms help create models that can handle
complex data with many variables and greatly improve the
accuracy of predictions. Once the model is built, its accuracy
is verified using another dataset that was not used during the
training process [20].

Model application: Once the model has been built, it is
then applied to fresh data that has not been utilized in building
the model to check whether it can predict future values. Model
Accuracy Index or RMSE performance measures are used to
examine the accuracy of predictions.

3. RESULTS AND DISCUSSION

The results of the analysis of cadmium (Cd) and lead (Pb)
contamination showed a significant variation in their
concentrations between soil, air and fungi.

In the soil, cadmium was 10 pg/g (SD 2), reflecting
moderate contamination with some variability, probably due
to regional characteristics of the soil or chemical interactions
in it. In the air, the values were higher (16.67 ug/m?, SD 1.53),
reflecting more stable contamination. In fungi, this value was
lower (6 pg/g, SD 1), reflecting the limited capacity of fungi
to absorb arsenic when compared to soil and air. Regarding
lead, the values in soil were slightly higher in Table 1 at 5.33
ng/g with an SD of 1.15 compared to fungi at 2.67 pg/g with
an SD of 0.47, thus indicating the ability of fungi to reduce
lead accumulation compared to soil. Recent studies indicate
that soil and air pollution with heavy metals such as cadmium
and lead pose a major threat to the environment and public
health [24]. One recent study showed that the primary sources
of soil pollution with heavy metals are chemical fertilizers,
particularly phosphate fertilizers, which contain high levels of
cadmium and lead. Other human activities, such as burning
electronic waste and industrial pollution, contribute to the
increase in the concentration of these metals in plants and soil,
with an adverse impact on the ecosystem [22].

One important point is that cadmium and lead are easily
mobilized through the roots to plants, increasing their
availability to plants [25]. On the other hand, studies have also
shown that in fungi, such as mushrooms, heavy metals may be
accumulated more than in soil and air, indicating the lower
absorbing capacity of fungi [19].
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The p-value for cadmium is 0.02, less than 0.05, and hence
the soil, air, and fungi are all significantly different in
cadmium contamination. Hence, this proves that cadmium
contamination in soil, air, and fungi is not the same, and there
is a significant difference between the categories with regard
to the level of contamination. The p-value for Lead was 0.01,
less than 0.05, so it means that there exists a statistically
significant difference across three categories with respect to
the levels of lead. It means that the lead contamination varies
from soil to air and fungi, reflecting the different pollutant
effects on the environment.

Variation of pollution among categories: ANOVA gave the
following results: the variation of cadmium and lead within the
different categories, including soil, air, and fungi, is
statistically significant. This would mean that these groups
receive heavy metal contamination at different intensities.
Generally, data showed a normal distribution in most groups,
excluding soil for Cd, which increases the reliability of results
and supports the hypothesis that natural differences in metal
contamination exist between different environments. It was
determined that the air pollution with heavy metals was
generally higher than soil and mushrooms, which might
indicate the priority of air monitoring in polluted areas.
Mushrooms could be a good indicator for heavy metal
contamination, as the cadmium and lead concentrations in
mushrooms was lower, reflecting the limited uptake capacity
of mushrooms for these metals according to study [25].

In calculating BCF for the metals-lead and cadmium, the
data to be used will include: Concentration of metal in fungi,
mg/kg; and Concentration of metal in soil, mg/kg.

The bioaccumulation factor (BCF) is an indicator of the
ability of fungi to absorb and accumulate heavy metals from
the soil. The higher the BCF value, the greater the ability of
the fungus to absorb these metals. The results show that the
lead bioaccumulation factor (BCF=6) indicates a higher ability
to accumulate lead compared to cadmium (BCF=2.67).

During the analysis of the concentration of cadmium and
lead in soil, air, and fungi from the Terfeziaceae family,
significant  differences were observed among these
compartments according to Table 2. The cadmium
concentration was higher in distant soils compared to the local
natural accumulation of heavy metals. On the other hand, fungi
from the Terfeziaceae family showed higher concentrations of
both cadmium and lead than air and soil, suggesting that these
macrofungi can serve as potential bioindicators of heavy metal
pollution.

A positive correlation was found between the levels of
cadmium and lead in all the samples analyzed. This likely
indicates that the source of pollution is the same, possibly due
to industrial or oil pollution or human activities in the region.

The application of clustering techniques revealed two
distinct groups: one with high concentrations of cadmium and
lead (contaminated group) and one with low concentrations
(uncontaminated group). Notably, mushrooms were most
frequently found in the contaminated group, which supports
their ability to absorb and accumulate heavy metals. The lead
accumulation factor (BCF=6) demonstrates that mushrooms
have a high capacity for lead absorption and accumulation
from the soil, with higher concentrations found in the
mushroom tissues compared to the surrounding soil. This
makes these fungi an excellent candidate for bioremediation
applications on soils contaminated with lead.

In contrast, the BCF for cadmium was 2.67, indicating that
while cadmium does accumulate in mushrooms, it does so at a



lower rate than lead. This reflects differences in the
biochemical mechanisms controlling the absorption and
accumulation of heavy metals in mushrooms.

The findings suggest that the accumulation capacity of fungi
depends not only on the type and chemical nature of the metal
but also on the interaction between the metal and the fungus.
These results highlight the potential of fungi, particularly those

with a high bioaccumulation coefficient for lead, as effective
agents for the treatment of lead-contaminated soil. The high
efficiency of lead accumulation opens up possibilities for
using fungi in the selective removal of heavy metals from
contaminated environments, in agreement with studies [12,
13].

Table 1. Comparison of cadmium (Cd) and lead (Pb) concentrations in soil, air, and fungi: Statistical analysis and significance

Category Mean (Average) Standard Deviation Pb/Cd p-Value Result
Cadmium (Pb)
Soil 10 2 Pb 0.02 There is a statistically significant difference
Air 16.67 1.53 Pb
Fungi 6 1 Pb
Lead (Cd)
Soil 5.33 1.15 Cd 0.01 There is a statistically significant difference
Air 8 0.82 Cd
Fungi 2.67 0.47 Cd
Table 2. Bioaccumulation factor (BCF) and metal concentration in fungi and soil (mg/kg)
Metal Concentration in Fungi (mg/kg) Concentration in Soil (mg/kg) Bioaccumulation Factor (BCF)
Lead (Pb) 12 6
Cadmium (Cd) 8 3 2.67

Table 3. Classification analysis results for the performance of different models in predicting sample contamination using multiple
evaluation criteria

Model MSE RMSE MAE MAPE R2
Random Forest 0.039 0.196 0.075 190639769100344.375 0.842

SVM 0.097 0.311 0.211 636602211041029.125 0.604
Neural Network 0.144 0.380 0.323 7773547064706478198.750 0.409

Table 4. Comparison of machine learning models (Decision Tree, Random Forest, SVM, and Neural Network) for predicting
cadmium and lead concentrations

Dision Random Forest SVM Neural Network Fold Cadmium Lead
0 0 0.538714 0.45406 1 5.19 1.117
0 0 0.09414 0.034391 1 6.55 1.525
0 0.381429 0.695688 0.673448 1 3.52 0.22
0 0 0.151313 0.401202 1 4,01 1.17
1 1 0.813065 0.654139 1 3.72 1
1 1 0.857455 0.623006 1 4.85 1.02
1 0.781429 0.911121 0.979082 1 1.95 0.01
1 0.7 0.89797 0.673013 1 2.18 2.75
1 1 1.0001 0.929693 1 2.33 0.349

3.1 Classification analysis ¢) Linear Regression: By the model, there is a

Predictions according to Table 3 present the classification
analysis results for the performance of different models in
predicting sample contamination using multiple evaluation
criteria.

a) Decision Tree: Using cadmium and lead as inputs and
"Dision" as output: The tree classified the samples correctly,
for example, 90%, as contaminated and non-contaminated, the
most influencing factor in the classification was the
concentration of lead, meaning that lead is the most sensitive
metal to detect contamination in this area.

b) k-Nearest Neighbors (k-NN): The model had a very
high accuracy in classification ranging from 85% to 95%,
which reflected sharp contrasts in the levels of heavy metals
among the categories. A sample with high levels of cadmium
and lead was classified as "contaminated,” whereas a sample
with a low level of concentration was non-contaminated.
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confirmation that a positive linear relationship between heavy
metals level and sample contamination probability, lead
played the most in providing a higher chance of the sample to
be contaminated.

Comparison of machine learning models (decision tree,
Random Forest, SVM, and neural network) for the prediction
of cadmium and lead concentrations, in accordance with Table
4,

Data comparing the performance of four machine learning
models (decision tree, Random Forest, SVM, and neural
network) regarding the prediction of cadmium and lead
concentrations in different samples. Each model's cadmium
and lead values are predicted in several folds.

3.2 Model performance

Decision Tree: This model, based on decision rules for the



prediction of cadmium and lead concentrations, allows the
generation of predictions such as 0 or 1, which means
classified as "contaminated" or "uncontaminated". The
variability in the model predictions puts all values either to 0
or higher. For instance, in the first sample (cadmium=>5.19,
lead=1.117), the classification was uncontaminated (0), yet
with high concentrations of both metals.

Random Forest: A more complex model that works by
combining the predictions of several decision trees. The
performance of this model is more stable, with the predictions
of cadmium and lead concentrations falling within a certain
range, as in sample 6 (cadmium=3.72, lead=1). This model
performs better than the decision tree by reducing overfitting
and incorporating a wider range of features.

SVM (Support Vector Machine): The SVM model also
generates binary (0 or 1) predictions of the contamination
status and uses the supporting points to classify the levels of
cadmium and lead. The predictions by the SVM model show
a more continuous distribution of values compared to the
binary predictions from the decision tree. For example, sample
5 was predicted as cadmium=0.857455 and lead=0.623006;
these values show more variation in the predictions than the
rest of the models.

Neural Network: Considering it as a deep learning model,
the neural model generates predictions based on more complex
interactions between the input features. The neural network's
generated predictions have a high degree of variability. For
example, sample 9 (cadmium=2.33, lead=0.349), which
further indicates that this model captures the subtle
relationship  between the metal concentrations and
contamination status.

Cadmium versus lead predictions: Across all models,
predictions for cadmium and lead are highly correlated, where
cadmium concentrations are higher, so too are lead
concentrations. However, there are some outliers, such as
sample 6, where lead is higher at 2.75 than cadmium at 2.18,
suggesting that while the models consider the metal
concentrations to be correlated, they may also be identifying
cases where one metal is more dominant than the other.

Random forests and the neural network have a more
consistent pattern in their predictions across folds, which
might indicate better performance on unseen data. On the other
hand, the SVM model shows some variability, especially in
the lead concentration predictions, suggesting it may be
sensitive to noise or model complexity.

The models differ in their performance in the prediction of
pollution levels. The Random Forest model seems to give the
best reliable performance in prediction performance, as can be
seen from sample 9, cadmium=2.33 and lead=0.349, while the
neural network model gives wider variations in predictions,
hence this model may be sensitive either to changes in the
dataset or feature interactions.

Based on the data presented, the Random Forest model
appears to provide the best reliable performance in the
prediction of cadmium and lead concentrations in the samples,
followed closely by the neural network model. A decision tree
and SVM showed some strengths but also limitations in
capturing the full complexity of the dataset. Positive
significant correlations between cadmium and lead may
indicate that these metals probably have a common source of
pollution, either from industrial activities or oil contamination.
This finding suggests that these models can be effective tools
in monitoring and managing heavy metal pollution in
environmental studies.
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By applying Orange's machine learning algorithms, the
ability of mushrooms to absorb metals can be well predicted
according to their concentrations in soil and air. According to
the results of the prediction, the most capable metals of
accumulating in mushrooms can be identified which helps in
deeper understanding of the mechanism of metal absorption in
polluted environments, this is agree with study [30].

4. CONCLUSIONS

1) Statistical results and metal concentrations

There were differences in cadmium and lead concentrations
between soil, air, and fungi. The cadmium concentration in
soil was less than in air, while the lead concentration in fungi
was significantly less than in soil and air.

The mean cadmium content in soil was 10 (with a standard
deviation of 2), in air 16.67 (with a standard deviation of 1.53),
and in fungi 6 (with a standard deviation of 1). This indicates
that air has more cadmium contamination than fungi and soil.

The level of lead varied from 5.33 (standard deviation 1.15)
in soil, 8 (standard deviation 0.82) in air, and 2.67 (standard
deviation 0.47) in fungi. The results show that air contains
more lead contamination than soil and fungi.

The ANOVA test results showed there were significant
differences between metal levels of contamination in soil, air,
and fungi for cadmium and lead (p-value<0.05).

2) Comparison of air, fungi, and soil levels of pollution

Overall air pollution was higher compared to fungi and soil,
which reinforces the requirement for monitoring air pollution
in contaminated regions.

Fungi are effective monitors of heavy metal pollution
because they can accumulate heavy metals and therefore are
best for use in the environment.

3) Data analysis tools

Machine learning models such as Decision Tree and k-
Nearest Neighbors were employed to analyze the data. These
exhibited high potential to distinguish between contaminated
and uncontaminated samples with 85% to 95% accuracy.

4) Accumulation of metals in fungi

Fungi have higher accumulation capacity for lead compared
to cadmium, thus fungi can be considered more effective in the
remediation of lead-contaminated soil.

There is a positive relation between cadmium and lead
concentrations in all samples, and this indicates the probable
source of pollution might be similar, e.g., industrial or oil
pollution.

5) Role of fungi as bioindicators

Results of the study revealed that fungi belonging to the
family Trevisiae would serve as good bioindicators of soil
contamination due to heavy metals such as lead and cadmium
because they are capable of uptaking metals depending on the
type of metal and chemical reaction. This is pertinent to
environmental decontamination applications.
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