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Abstract

This study discusses how to prepare data properly before entering the learning process for
prediction using Deep Learning (DL). Long Short-Term Memory (LSTM) is one of the DL
methods that is often used for prediction because of its superiority in maintaining long-term
information. Although LSTM has proven effective, there are issues related to low-quality
data that can reduce prediction accuracy. This problem is important to discuss because
accuracy is important in predicting a value while field conditions can reduce the quality of
the data taken. Data merging based on the relationship of each data collection location using
the Spearman analysis and the K-Means clustering method is used to improve data quality.
The results of the study show that improving data quality by merging data using K-Means
has been successfully applied to various dataset conditions. In this study, we used two types
of datasets related to river water quality, namely Dissolved Oxygen (DO) concentration and
Nitrate levels for our simulation. The first data set produced DO predictions for eight
locations with an average R? = 0.9998, MAE = 0.0007, MSE = 1,13x 107°. The second data
set produced nitrate predictions for ten locations with an average R? = 0.7337, MAE =
0.0111, MSE = 0,00029.

Keywords: Data Merging, K-Means, Long Short-Term Memory, Prediction of Dissolved
Oxygen and Nitrate Levels, Spearman

1 Introduction

The pattern of an event can be analyzed and used to predict future events. The
pattern is obtained by monitoring of several parameters periodically. This monitoring
produces a series of temporal data which is often referred as time series data [1]. In this

study, data on river content were used, as changes in water quality can be detrimental to
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the surrounding ecosystem. Therefore, it is necessary to monitor water quality parameters
periodically as an effort to maintain water quality control [2], [3].

The amount of monitoring data that is carried out continuously demands a
computational approach that is able to handle the complexity of temporal patterns. Many
Deep Learning (DL) models can be used to handle this [1]. Examples of DL
computational methods are Convolution Neural Networks (CNN), Deep Belief Networks
(DBN), Recurrent Neural Networks (RNN), Auto Encoder (AE), Autoregressive
Integrated Moving Average (ARIMA). Long Short-Term Memory (LSTM) and many
more. In this study, the LSTM method is used because it has advantages in its architecture
that can learn long-term data without losing information. These advantages solve the
problem of long-term dependency experienced by RNN [1], [2], [3], [4], [5], [6].

Even though the best computational model has been selected, accuracy still needs
to be considered to measure the success of the model. Unnatural changes during data
collection can occur and lead to reduced data quality and model performance [2]. Data
with low quality will have a negative impact on the basis of decision making, analysis
processes and/or predictions of future events [3]. One example of a condition that can
negatively impact a model is overfitting. Overfitting is a condition where the model tends
to learn the details of values and noise at the training stage, making it difficult to
generalize to validation and testing stages [7].

Previous researchers have applied several methods to handle low-quality data. In
Rangenatan's research [8], the quality and accuracy of predictions can be significantly
improved by performing a good and proper data preprocessing stage. The preprocessing
stage consists of data cleaning (outliers, noise, missing values), data integration
(correlation analysis, identification), and data reduction (grouping, feature selection).

In the data preprocessing stage, researchers adopted several techniques that have
been proven effective in several literatures. Outliers were identified and removed using
the Interquartile Range (IQR) method [2], [6], [9]. Linear Interpolation (LI) was applied
to handle missing or empty data [2], [5], [6]. The Moving Average (MA) method was
used to reduce noise and smooth the data [5], [6]. The selection of this method was based

on its application in the literature before the model was developed.
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Model development was done by adding the amount of data based on clustering
the two most influential attributes in the dataset for each location. The K-Means method
is widely used for clustering [10]. Wulandari, et al. [11], used the K-Means method to
group and evaluate student performance so that the learning process runs smoothly. Wu
et al. [12] and Pangestu et al. [13] combined the use of K-Means and ARIMA. The use
of K-Means in [12] to evaluate the level of total phosphorus match with other features.
The results were able to reduce the Mean Average Error (MAE) by 44.59% and the Mean
Squared Error (MSE) by 56.82% in the prediction process. Chormunge et al. [14] and
Gao et al. [15] also use K-Means for optimizing data input by clustering data based on
compatibility between the features and produces 90% accuracy. Although there was a
decrease in errors, researchers emphasized that there were still obstacles due to low data
quality.

The following research is close to the proposed research because it has the same
approach. Wei et al. [4] combined water pore pressure data from several river depth points
using Partitional Clustering Algorithm (PCA) and predicted using LSTM. The R-Squared
(R?) value increased by 12% compared to predictions without data merging. The use of
larger data with additional features is recommended to improve model performance.
Arshella et al. [6] used multidimensional input on LSTM in predicting Dissolved Oxygen
(DO). This study used the same dataset as the proposed study. The selection of this
method can increase the accuracy of water quality prediction for one week up to an R?
value of 0.999 compared to one-dimensional input. Unfortunately, in the process, it
experienced some overfitting and underfitting because the input data still had low quality.

Based on previous studies, data quality has been shown to have a significant impact
on the prediction process. The addition of data with similar characteristics is expected to
improve data quality with the result prediction accuracy can also increase. This study
proposes clustering training data based on the location of water quality data collection
using the K-Means clustering method using LSTM. The selection of attributes to use in
the K-Means model is determined through the correlation of many attributes to the target
attribute of prediction using Spearman method. The model is evaluated using MSE, MAE
and R2,
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2 Material and Methods

This study used two water quality datasets obtained from the Environmental
Information Data Center, namely the DO level dataset [16] and the Nutrient dataset
contained in water [17]. Both datasets are part of the Land Ocean Interaction Study
(LOIS) project. The DO dataset used is similar to the dataset used in study [6]. Table. 1
is a view of dataset one. The dataset contains FID as the code of the river location where
the data was taken. DATE as the time when the data was taken. Conductivity, pH,
Temperature as attributes and DO as the target of the prediction. Data collection was
carried out from 1994 to 1997 in locations scattered across the rivers; Swale at Catterick
Bridge, Derwent at Bubwith, Aire at Beal Bridge, Trent at Cromwell Lock, Calder at
Methley Bridge, Swale at Crakehill, Aire above Thwaite Mill Weir, Aire at Fleet Weir,
Ouse at Skelton, Nidd at Hunsingore.

The second dataset is taken from the same website, but contains different water
parameters as shown in Table 2. FID is the code of the river location where the data was
taken. Date is the time when the data was taken. The amount of data owned in the second
dataset only has a small dataset for each location. Datasets for major ions and nutrients in
river were collected during the period 1993 to 1997. Locations scattered across the rivers;
Swale at Catterick Bridge, Swale at Thornton Manor, Nidd at Skip Bridge, Wharfe at
Tadcaster, Ouse at Clifton Bridge, Derwent at Bubwith, Aire at Beal Bridge, Don at
Sprotborough Bridge, Trent at Cromwell Lock, Calder at Methley Bridge.
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Table 1. DO level dataset

FID ID SITE_NAME DATE pH Conductivity D0 Temperature Battery

0 29033 S1 Swale at Catterick Bridge 27/06/1995 11:00 827 411.0 1022 16.8 13.0

1 29033 51 Swale at Catterick Bridge 27/06/1995 11:30 8.31 4120 1058 17.2 13.0

2 29033 51 Swale at Catterick Bridge 27/06/1995 12:00 834 413.0 107.0 1 13.0

3 29033 51 Swale at Catterick Bridge 27/06/1995 12:30 836 4140 1087 17.9 13.0

4 29033 S1 Swale at Catterick Bridge 27/06/1995 13:00 839 416.0 1102 18.3 13.0
235115 1584377 N33 Nidd at Hunsingore 7711994 13:00 7.68 404.0 586 171 124
235116 1584377 N33 Nidd at Hunsingore 77994 13:30 767 409.0 585 171 124
235117 1584377 N33 Nidd at Hunsingore 7711994 14:00 767 4100 538.0 172 124
235118 1584377 N33 Nidd at Hunsingore TiTi1994 14:30 765 4190 589 174 124
235119 1584377 N33 Nidd at Hunsingore 7711994 15:00 7.67 411.0 591 17.3 124

235120 rows = 9 columns

The ions and nutrients measured include Ammonia, Bromide-ion, Calcium
Dissolved, Carbon Organic Dissolved, Carbon Organic Particulate. Chloride-ion,
Magnesium Dissolved, Nitrate, Nitrite, Nitrogen Particulate, Phosphorus Soluble
Reactive, Phosphorus Total, Phosphorus Total Dissolved, Potassium Dissolved, Silicate
Reactive Dissolved, Sodium Dissolved, Sulphate. Sampling was carried out regularly
every week.

The main flowchart in this study can be seen in Fig. 3. The core of the prediction
process begins with loading the water quality dataset into the system, then the data is
prepared through a preprocessing stage. At this stage, the data goes through the process
of removing outliers and ensuring that there are no missing or empty values so the data
used for training will have better quality. When the data is ready, the next step is to predict
water quality for the next one-month period using the LSTM algorithm. The prediction

results are then analyzed as part of the model evaluation process.
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Table 2. Nitrate level dataset

. Carbon N . . Phosphorus
o SITE_NaME DATE Calcium organic Carbon organic  Chloride- Magnesium oo Nitrogen  Phosphorus total
dissolved particulate ion dissolved particulate total N

dissolved dissolved
Swale at

0 29033 st Catterick 9171993 620 2200 0488 175 78 0677413 0.059 0174 0.164
Bridge
Swale at

1 29033 S1 Catterick  9/14/1993 211 8.600 2731 85 20 0541936 0.087 0.102 0.047
Bridge
Swale at

2 29033 St Catterick ~ 9/21/1993 458 4.040 0492 130 46 1038710 0.035 0.078 0.065
Bridge
Swale at

3 29033 s1 Catterick  9/28/1993 581 2350 0316 150 6.5 1.400000 0.037 0.097 0.092
Bridge
Swale at

4 29033 S1 Catterick  10/5/1993 400 7500 0686 130 42 0858065 0.030 0.071 0.062
Bridge
Calder at

1715 29044 C9 - 111911996 290 9244 2552 740 74 4741940 0.159 0732 0605
Methley Bridge
Calder at

1716 29044 C9 - 1112611996 250 8.423 6.060 920 6.3 2800000 0.521 0.665 0273
Methley Bridge
Calder at

1717 29044 C9 N 121311996 275 8.032 1.194 8.0 7.6 3.658060 0.168 0.685 0439
Methley Bridge
Calder at

1718 29044 C9 N 121011996 365 7444 0967 870 105 5419350 0.066 0.852 0739
Methley Bridge
Calder at

1719 29044 C9 - 1211711996 425 10316 0747 17.0 1.7 4967740 0.069 1104 0911
Methley Bridge

1720 rows = 17 columns.
Input data

Preprocessing

Prediction using LSTM

Evaluation

Prediction for 1
month

Figure 1. Main flowchart of prediction process
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Data Preprocessing

As shown in Figure 1, the first step is reading the input data. The next step is
preprocessing, a stage carried out to enhance data quality by removing outliers and
verifying the completeness of the dataset. Interquartile Range (IQR) is a method that can
be used to identify and remove outliers. By using IQR, data can be selected based on the
data area between the upper quartile, which is 75% of the data (Q3) and the lower quartile,
which is 25% of the data (Q,) as can be seen in Equation (1). Data that is considered to
be outliers is data whose value is less than the minimum limit and greater than the
maximum limit. Determining the minimum limit using Equation (2) and the maximum

limit using Equation (3):

IQR = Q3 — @4, (1)
Minimum = (Q; — 1.5 * IQR), (2)
Maximum = (Q; + 1.5 * IQR). 3)

Where:
IQR : Interquartile Range
Q3  : Upper quartile (75% data)
Q1 : Lower quartile (25% data)

After outliers are removed, the time series data needs to be completed so that there
are no null/missing data. Linear Interpolation (LI) is a method used to estimate the value
of a point between known data points using a straight line, also known as a linear
polynomial. The LI method is widely used because it is simple. LI is used to fill in the
gaps experienced by data due to loss and non-empty timing. The new value (y) that is in
the middle of the data after (x; y;) and the data before (x,, y,) can be calculated based

on Equation 4 below:

Y1 = Yo
=yo+ (x - : (4)
y =yo+ (x —x) Pra——
Where:
X : A point on the x axis is known, its y value is unknown
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y : The point being searched for, using the Equation (4)
(x1,v1) : coordinates new data
(%0, Y0) : coordinates new data

From data that has been removed from outliers and filled in, the data is complete
according to timing. The data is smoothed or reduced noise using a Moving Average
(MA) so the pattern of the data can be displayed clearly and easier to analyze. Moving
Averages, also known as running mean or rolling averages, is a special type of filtering
method used to transform one time series into another time series. The moving average
value for the next period Y;,; is calculated by summing the data values (Y) in a window

size (m) and dividing it by the window size value, as shown in the Equation 5;

= itV i+ +Ymn (5)
m
Where:
Yiiq : Moving Average value for the next period (¢t + 1)
Y; : Data on current time period (¢)
Yi 1 : Data before the current time period (¢t — 1)

Yi—m+1 : Data at time period (¢t —m + 1), back by the window size from the current
time period data.

m : window size, amount of data to calculate the average

K-Means Clustering

The K-Means algorithm uses the proximity measure function to place each object
in the cluster that is most similar to it. When updating the center of each cluster (centroid),
the distance calculation is performed again and updates the centroid again. This iteration
is carried out until the proximity measure function converges; in each cluster the objects
no longer change. Iteration is used to divide data objects into several different clusters, so
that the similarity between objects in one cluster becomes large, while the similarity
between objects becomes small [15]. Calculating the distance between the centroid point

and each object point, also called Euclidean distance (D,), is as in the Equation 6:
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De = /(x; — s)% + (y; — t;)2. (6)
Where:
D, : Euclidean distance
(%1, ¥i) : Object coordinate points
(s;, ti) : Centroid coordinate points

Correlation Analysis

In the K-Means clustering process, distance calculations typically utilize two
features. However, the dataset employed in this study contains more than two features,
necessitating feature selection. The Spearman method is chosen for feature selection
because it is widely used for correlation analysis between features. By using ranking, this
method measures the tight relationship between 2 variables. In this case the relationship
between the prediction target and other features is calculated using Equation 7:

6 x X(x—y)*

lation =1 — : 7
Correlation X (2 — D] (7

The results of the Spearman correlation calculation have a value range of -1 to 1.
If the result is close to 1, then the two variables have a positive correlation, while the
result is close to -1, then the two variables have a negative correlation. If the correlation

value is close to 0, then there is no correlation between the two variables [18].

Long Short-Term Memory

Backpropagation errors can lead to signal explosion or vanishing gradients,
causing instability during the learning process. To address this issue, Long Short-Term
Memory (LSTM) networks are used, as they effectively manage error flow through their
gated architecture [19]. The LSTM system consists of three inputs: the current input (x;),
the output of the previous unit (h;_;), and the memory of the previous unit (c;_;).

Figure 2 illustrates the LSTM unit and highlights the three gates that play an
important role in the memory calculation: the forget gate, the input gate, and the output

gate [2]. The following are the equations used in the LSTM model:
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fe = U(Wf[ht—l»xt] + bf) e (o,)" 3
ir = o(Wilhe—1, %] + b;) € (0,1)" )

X,
Figure 2. LSTM unit
C, = tanh(W.[h,_4, %] + b.) € (—1,1)" (10)
op = c(Wylhe—y, %] +b,) € (0,1)" (11)
C=O0C)+(i,O () € R (12)
h, = o, © tanh(C;) € R" (13)
Where:
ft : Forget gate determinant
it : Input gate determinant
C, : Determine the memory to be used
0 : Output gate determinant
C; : New Memory Determinant
h; : New Output

We, Wy, W, W, Weight matrix
bg, b;, be, b, : Bias vector
o : Sigmoid function

tanh : Hypertangen function

Equation (8) is used to calculate the weight vector for the forget gate. It produces
an output between 0 and 1 by applying a sigmoid function to the sum of the previous

hidden units (h;_;) and the current input (x;), along with the bias vector for the forget
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gate (by). Similarly, Equation (9) uses the weights and the let vector for the input gate.

Equation (10) is used to compute the candidate values to be retained. It produces an output
between —1 and 1 by applying the hyperbolic tangent function to the weighted sum of the
previous hidden state (h;_;), and the current input (x,), along with a bias vector for the
carrier (b.). Equation (11) is used to compute the output gate weight vector. It produces
the same output as (8) and (9) by using the sigmoid function with output weight matrix
(W,) and output bias vector (b,).

Equation (12) is used to calculate the memory cell by adding the elementwise
multiplication of Equation (8) and the memory of the previous cell (c;_;) with the
elementwise multiplication of Equations (9) and (10). Finally, Equation (13) is used to
determine the output to be forwarded to the next LSTM cell by multiplying the
elementwise multiplication of Equation (11) with the hyperbolic tangent of Equation (12).

Evaluation
A comprehensive evaluation is required to assess the performance of the proposed
method. The following evaluation metrics used are mentioned below [20]:
a. Mean Average Error (MAE)
MAE is used in regression analysis to measure the average absolute difference

between predicted values (X) and actual values (Y) as in Equation (14):

m
MAE = %ZlXi—Yil. (14)
i=1
Where:
X; : The i-th predicted value
Y; : The i-th actual value
m : total data amount

MAE values range from 0 to 1. The closer to 0 the better the results,
illustrating that the deviation between prediction and actual is small.
b. Mean Square Error (MSE)
MSE is used in regression analysis to measure the average squared difference

between predicted values (X) and actual values (Y) as in Equation (15):
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m
1
MSE = —Z X, — Y2 1
m 2,0 (15)
i=

MSE values range from 0 to 1. The closer to 0 the better the results, illustrating
that the deviation between prediction and actual is small.
c. R-Squared (R?)
R? is a statistical measure obtained by dividing the mean of the squared
differences between the predicted and actual values (MSE) by the total variance

of the dependent variable as shown in Equation (16):

X —Y)?
Yy =Y)?

RZ=1- (16)

The value of R? ranges from -oo to 1. The closer to 1, the better the result.

3 Results and Discussion

The proposed method was evaluated using two distinct water quality datasets
featuring different characteristics and indicators. The analysis is presented in two parts:
(1) DO level prediction and (2) nitrate level prediction. Each section systematically
compares the performance of the proposed method against baseline approaches.

The result of DO level predictions

The result of DO level predictions from one of the locations can be seen in Fig. 3.
The data selected as the visualization of the results comes from the Calder at Methley
Bridge with FID 29044. The figure consists of 2 types of graphs, namely loss in training
and validation, and a graph of the model's predicted values for one month. Model testing
is done with a different preprocessing process. 1) Non-C (nonc), the data used is not
merged with data from other locations. 2) Spearman (sp), the data used is merged based
on DO correlation between river locations using Spearman method. 3) K-Means (km),
the proposed method uses data merging based on clustering attribute data from various

locations.
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Figure 3. Training and validation loss graphs and DO level prediction results from FID 29044
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In Fig. 3(nonc 1, sp 1, km 1), the training and validation loss curves show stable
convergence with no sign of overfitting (no significant gap between training and
validation loss) or underfitting (loss reaches very low values). All models managed to
achieve a loss below 0.001, indicating effective learning. The proposed method (km 1)
recorded the lowest loss (less than 0.0002), significantly superior to the nonc and sp
baselines. In Fig. 3 (nonc 2, sp 2, km 2), the predicted values of all models almost
overlap with the actual values, confirming high accuracy.

Despite the fact that all models appear accurate visually, significant differences
are seen in quantitative metrics MAE, MSE and R? as can be seen in Table 3. The
proposed method reduces MAE for predicting DO in FID 29044 by 61.875% compared
to the baseline (nonc), with an absolute value of 0.00061 vs 0.0016. The proposed method
reduces MSE by 78.18% compared to the baseline (nonc), with an absolute value of
1,2x 107% vs 5,5% 107°. When compared to sp, both (sp and km) have more or less
equally good results. This indicates that the application of K-Means for merging data is
able to improve model prediction.

The proposed method can produce better values than the comparison method
when observed from the average value from various locations. The proposed method
produces an average R? = 0.9998, MAE = 0.0007, MSE = 1,13x 1076, Although

statistical significance testing was not performed due to limited data replication, the large

Table 3. Evaluation of the results of the prediction of dissolved oxygen for one month

R? MAE MSE
FID

nonc sp km nonc sp km nonc sp km
29033 0,9996 09995 0,9994 0,0016 0,0014 0,0005 1,03x 107>  6,73x107® 1,13x 107
29040 0,9999  0,9999  0,9999 0,0012 0,0018 0,0005 242x107%  3,97x107¢  4,10x 1077
29041 0,9997  0,9994 0,9999 0,0014 0,0016 0,0005 3,63x107%  2,94x107%  4,87x 1077
29043 0,9999  0,9999 0,9999 0,0014  0,0007 0,0011 481x107°  1,53x107% 1,94x 107
29044*  0,9998  0,9999 0,9999 0,0016 0,0007 0,0006 55x107¢ 1,1x 107 1,2x107°
1552046 0,9999  0,9998  0,9998  0,0019  0,0008 0,0007 6,67x 107  1,17x107%  7,28% 1077
1552048 0,9991 0,9999 0,9995 0,0024 0,00024 0,0013 6,34x107%  1,25x 1077 2,39x 107°
1584376  0,9999  0,9998  0,9999  0,0009 0,0013 0,0006 3,18X107%  2,92x107%  7,76x 1077
Average 09997  0,9997 0,9998 0,0016 0,0011 0,0007 536x107%  2,56x107¢  1,13x 107°
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differences and stability of the results support the potential superiority of this method.
Further research is needed with more diverse samples, cross-validation, and statistical
testing.

The result of nitrate level predictions

The result of nitrate level predictions from one of the locations can be seen in Fig.
4. The data selected as the visualization of the results comes from the Wharfe at Tadcaster
with FID 29038. Same as before, the figure consists of 2 types of graphs, namely loss in
training and validation, and a graph of model prediction values for one month. Model
testing is carried out with different preprocessing processes. 1) Non-C (nonc), 2)
Spearman (sp), and 3) K-Means (km). The proposed method uses data merging based on
attribute data clustering from various locations.

The gap between training and validation loss in Fig. 4 (nonc 3) suggests
overfitting, likely due to the model's high complexity relative to the dataset size. Figure
6 sp_3, km_3, the training and validation loss curves show stable convergence with no
sign of overfitting (no significant gap between training and validation loss) or underfitting
(loss reaches very low values). All models managed to achieve a loss below 0.005,
indicating effective learning. In Fig. 4 (nonc_4, sp 4, km_4), the predicted values of all
models almost overlap with the actual values, confirming high accuracy.

Despite the fact that all models appear almost accurate visually, significant
differences are seen in quantitative metrics MAE, MSE and R? as can be seen in Table 4.
The proposed method reduces MAE by 78,5% compared to the baseline (nonc), with an
absolute value of 0.016 vs 0.078. The proposed method reduces MSE by 93,7% compared
to the baseline (nonc), with an absolute value of 0,0078 vs 0,0005. When compared to sp,
both (sp and km) have more or less the same good results but merging using sp correlation
tends to be better. This shows that the application of K-Means for nutrient data merging
can be used but there is an opportunity to use other methods.

The proposed method can produce better values than the comparison method
when observed from the average value from various locations. The proposed method
produces an average R? =0.7337, MAE = 0.0111, MSE = 0,00029. This small average is
due to the negative R? result in one location. Although statistical significance testing was

not performed due to limited data replication, the large differences and stability of the
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Table 4. Evaluation of the results of the prediction of nitrate for one month

R? MAE MSE
FID
nonc sp km nonc sp km Nonc sp km
29033 -10,4897 -1,07 -1,07 0,0401 0,0056 0,0056 2,40x 1073 3,99x 1075 3,99% 1075
29034 -0,5825  0,8807 0,9232 0,0675  0,0083 0,0057 0,0062 0,0002 1,37x 107*
29037 0,9417 0,9880 0,9903 0,0359  0,0041 0,0068 0,002 447x 1075 8,64x 107°
29038* 0,869 0,954 0,958 0,078 0,012 0,016 0,0078 0,0002 0,0005
29039 0,9469 0,9853 0,987 0,029 0,0120 0,0106 0,0012 0,0002 1,74x 107*
29040 0,7597 0,9717 0,9822 0,0605 0,019 0,0133 0,0046 0,0004 0,0006
29041 0,8325 0,8981 0,9491 0,0178 0,019 0,013 0,0008 0,0005 0,0002
29042 0,7382 0,886 0,8804 0,0646 0,018 0,0166 0,005 0,0007 0,0007
29043 -1,329 0,648 0,6518 0,0455 0,0087 0,007 0,0025 9,28 1075 9,18x 1075
29044 0,648 0,916 0,9051 0,0425 0,012 0,0108 0,003 0,0002 0,0002
Average -0,666 0,706 0,7337 0,0481 0,0119 0,0111 0,00355 0,00026 0,00029

results support the potential superiority of this method. Further research is needed with
more diverse samples, cross-validation, and statistical testing.

In addition to comparing with non-c and sp, comparisons were also made to
previous studies. The study conducted by Arshella [6] used the same DO dataset, but the
proposed method can overcome the problem of overfitting and can predict for a longer
time than previous studies. A similar study was conducted by Wu [12], using K-Means
to identify random patterns of water parameters and ARIMA for prediction. Although
using a different dataset, the study is still about water quality parameters and using the K-
Means method. The method proposed in the study can reduce prediction errors more
effectively by overcoming the main limitations in previous studies through preprocessing
techniques to improve data quality, as well as combining more advanced learning
methods (LSTM) for long-term data analysis. Although successful, this approach still
opens up opportunities for future improvements, such as validation on larger or more
diverse datasets, exploration of real-time applications, cross-validation, and statistical

testing.
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Figure 4. Training and validation loss graphs and nitrate level prediction results from FID 29038
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4 Conclusions

The accuracy of water quality prediction can be improved by improving data quality. The
application of Spearman method for decide which attributes or parameters need to be used for
K-Means, K-Means methods for data merging and LSTM at the prediction stage has a positive
impact on increasing accuracy. In this study, we implemented two datasets. The first data set
produced DO predictions with an average R? = 0.9998, MAE = 0.0007, MSE = 1,13x 107°.
The second data set produced nitrate level predictions with an average R? = 0.7337, MAE =
0.0111, MSE = 0,00029. Data merging based on location can be applied to various dataset
conditions; datasets with few features and many data and datasets with few data and many
features. The selection of the right grouping method should also be further evaluated to ensure
optimal results. These steps will be an important part of the development and assessment of
prediction methods, especially for water quality in the future. Other suggestions for
improvement are the use of larger or more diverse datasets, real-time implementation, cross

validation, and statistical testing.
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