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ABSTRACT
Water quality monitoring is essential for protecting human health and ecosystems. Still, traditional analysis

methods are too time - consuming to process. As the new artificial intelligence revolution thrives, to address this
problem, we tested the hypothesis that an Al system trained on environmental data can accurately predict water
quality conditions. Publicly available water quality sample data for Austin, Texas, was combined with
environmental data from an API ( Application Programming Interface ) over an overlapping three - months. PH,
dissolved oxygen, turbidity, nitrate, phosphorus, water temperature, max temperature, total precipitation,
evaporation, and daylight hours were among the key parameters that were processed and utilized to assign categories
of Water Quality Index. A Random Forest classifier, a baseline model, was evaluated for accuracy and variable
significance and using these results, a FLAN - T5 language model was refined to generate both water - quality
predictions and natural - language explanations from numeric inputs. The refined FLAN - T5 model produced water
- quality classifications along with coherent explanations aligned with these traits. An example printed result from
Varuna is "Water Quality Category: Fair. Water quality is primarily influenced by low dissolved oxygen, low nitrate
levels, pH within optimal range, seasonal daylight effects." Indicating that Al systems can match traditional
performance while improving usability, this model is presented as a user - friendly public website for everyone to
predict future forecasts with up - to - date statistics. Further research is necessary to see if the machine learning
model can adapt to the constantly changing world. We will identify contamination risk levels and support early
intervention strategies for protecting public health and ecosystems.

KEYWORDS: MACHINE LEARNING, WATER QUALITY, ENVIRONMENT, RANDOM FOREST,
FLAN-TS

1. Introduction

LI Background Research

Research was consulted by a senior environmental scientist from the City of Austin Watershed Protection
Department, who explained that key factors such as turbidity, nitrate, and phosphorus levels are commonly used to
evaluate water quality and that the process requires significant time and team effort. This motivated the authors to
explore how Al could help the process of water quality prediction. The authors then reviewed research such as
Chuxiao Chen and Jinghua Hao’s study on neural-network-based water quality prediction at data-scarce sites, which
showed how machine learning models can improve prediction accuracy even with limited environmental data.
Additionally, examining research on spatial dependency learning and Kaggle water quality datasets to better
understand feature selection, preprocessing methods, and Al modeling approaches used in existing water quality
prediction systems.

A. Literature Review

The study by Chuxiao Chen and Jinghua Hao focuses on improving water quality prediction at monitoring
sites where historical data is limited. The researchers address a major challenge in environmental modeling: machine
learning systems typically require large datasets to perform well, but many real-world monitoring stations lack
sufficient records. To solve this, they developed a neural-network-based framework that incorporates transfer
learning, allowing knowledge from data-rich monitoring sites to be applied to data-scarce ones. By pre-training
models on locations with abundant environmental data and fine-tuning them for target sites with limited records, the
approach significantly improved prediction accuracy compared to models trained only on local data. The study also
emphasized selecting source sites with similar water quality characteristics to enhance transfer performance.

In addition to this research, related studies on spatial dependency learning and publicly available Kaggle
water quality datasets highlight the importance of proper preprocessing and feature selection in AI modeling. These
works show that cleaning missing data, normalizing variables, balancing class distributions, and carefully selecting
relevant water quality indicators—such as pH, turbidity, and dissolved solids—can substantially improve model
performance. Together, these studies demonstrate that advanced machine learning techniques, especially when
combined with thoughtful preprocessing and transfer strategies, can produce reliable water quality predictions even
in environments where data availability is limited.



LII Rationale

Water consumption is one of the most imperative necessities for human health and survival. Fresh, clean
water ensures the betterment of the environment and the human population. Ensuring the purity of water makes lives
easier and allows people to focus on innovation and creation in other fields so everyone is able to live without any
impurities that could contaminate drinking water. Pure water prevents diseases, supports biodiversity, and provides
resources for agriculture and industry.

Project Varuna aims to use explainable Al models to predict future water quality using past and present
water quality index data (collecting water quality indices(WQI) with data like DO, pH, turbidity, BOD, nitrates,
phosphates, and temperature, weather/hydrology, land use, upstream flow, and precipitation) to forecast future
simulations. The understanding of probable issues or hazardous changes to water quality helps people identify risk
areas and mitigate the possibility of impure water. Varuna: Integrating Al with Environmental Data for Water
Quality Predictions will be accessible to all and will update frequently, minding climate change, and other
unpredictable factors.

Especially in Austin, Texas, there is wider breadth for data as Texas is not usually prepared for drastically
changing winter weather. Al can transform water quality monitoring by analyzing real time data, identifying
patterns, and making predictions that enable more proactive water management. We hope to test the accuracy and
usefulness of our Al system software in this project and see whether it works better than traditional data analysis
which is costly and labor intensive, contains data parsing gaps, and takes too much time.

LIIT Research Question
Can a machine learning-based Al decision system accurately predict and simulate changes in water quality
index (WQI) values under different pollutant and environmental conditions, outperforming traditional empirical
models?

LIV Objective

The objective of Project Varuna is to create an artificial intelligence-based decision support tool that is able
to make predictions about the water quality and explain these predictions in an easily understandable format. Current
approaches to water quality analysis are often labor-intensive, expensive, and difficult to understand for those
without a strong background in the field. Project Varuna is a combination of machine learning and explainable Al
that is able to analyze physicochemical measurements of water, along with environmental factors, in order to make
faster and more understandable water quality assessments. The purpose of Project Varuna is to show how Al can be
used in the field of environmental science.

L.V Hypothesis
If a deep learning model is trained on multi-source environmental data, then it will predict water quality
indices more accurately than traditional models because it can learn nonlinear relationships between environmental
variables and handle multiple water-quality parameters in a more efficient and integrated way.

[.VI Engineering Goals
A. To develop Project Varuna, an Al-powered decision-support tool that:
1. Uses a fine-tuned FLAN-TS model to predict water-quality outcomes from environmental and
chemical measurements.
il. Generates natural-language explanations showing which factors most influenced each prediction.
1il. Demonstrates how Al can support environmental monitoring by providing fast, interpretable

water-quality assessments.

L.VII Expected Outcomes
A. A fully trained FLAN-T5 model capable of predicting WQI or potability from the UCI dataset.
1. Clear natural-language explanations describing why the model made each prediction.
il. A comparison showing the Al model performs better than a baseline traditional method.
1il. A prototype interface or report demonstrating how Al could assist scientists, city planners, or
environmental engineers in assessing water quality more quickly than manual methods



1L Methodology
IL.I Materials
A. Hardware & Platforms

1. Laptop — A computer was used to write code, preprocess datasets, train machine learning models,
and evaluate performance metrics. The laptop served as the primary computational device for
model development and experimentation.

il. Visual Studio Code — Visual Studio Code (VS Code) was used as the integrated development
environment (IDE) for writing, debugging, and managing Python scripts. It provided extensions
for Python support, version control integration, and efficient project organization.

B. Datasets & Data Sources

i. Hugging Face Flan-T5 Model (google/flan-t5-base) — The pre-trained google/flan-t5-base
language model, accessed through the Hugging Face repository, was used to generate natural
language explanations of model predictions. This transformer-based model converts structured
numerical outputs into clear, human-readable summaries.

il. Open-Meteo Weather Data — Historical weather data was obtained from the Open-Meteo API.
This dataset provided environmental variables such as temperature and precipitation, which were
aligned with water sampling dates to examine environmental impacts on water quality.

iil. City of Austin Water Quality Data — Publicly available monitoring data from the City of Austin
was used to obtain water chemistry measurements, including pH, turbidity, dissolved oxygen,
nitrate levels, phosphorus concentration, and water temperature. These variables served as primary
inputs for the predictive model.

C. Software and Libraries
i Python 3.9+ Environment — The project was developed using Python (version 3.9 or higher),
which served as the core programming language for data processing, machine learning model
development, and evaluation.
il. Machine Learning & Data Libraries — Python libraries were used for data manipulation, model
training, and performance evaluation. These libraries supported preprocessing, feature selection,
classification modeling, and metric calculation.

iil. Hugging Face Repository — The Hugging Face platform was used to access and implement the
pre-trained Flan-T5 model for explainable Al output generation.
iv. GitHub — GitHub was used for version control, code storage, and project tracking, allowing for

organized development and reproducibility of results.

ILII Variables
To ensure the validity of the projects, independent, dependent, and controlled variables were utilized in the
experimental process. The definition of these variables below allows for repeatability and objective results.
A. Independent Variables: Environmental data and water quality indicators used as model inputs.
B. Dependent Variables: The predicted water quality category and information
C. Controlled Variables: The location, data sources, preprocessing methods, and the machine learning
model.

ILIII Parameters
Acceptable parameter ranges were considered during model development, including a pH range of 6.5-8.5,
turbidity levels below 5 NTU (as turbidity increases during storm events and reflects water cloudiness), and
dissolved oxygen levels above 7 mg/L to support aquatic organisms. Because the dataset did not include extreme
weather events, the model had limited ability to predict nitrate spikes typically associated with heavy rainfall.

ILIV Data Merging
Weather and water quality datasets were matched by date to ensure that environmental conditions
corresponded to the same time periods as water chemistry measurements. After alignment, the datasets were merged
into a single combined dataset containing both environmental and chemical variables. Missing values were reviewed
and handled as needed to ensure data consistency before model training.



I1.V Procedure
A. Data Collection

i Data used in this study was collected from publicly accessible water quality sampling datasets,
OpenMeteo for weather and City of Austin for water quality.. The datasets included
physicochemical parameters such as pH, dissolved oxygen, turbidity, nitrate, phosphorus, and
water temperature. Environmental data was collected from publicly accessible weather data
sources. Environmental data included daily environmental parameters such as daylight duration
and temperature. No physical samples, chemicals, or biological materials were used.

B. Data Cleaning and Preprocessing

i The data cleaning of the water quality dataset involved the removal of invalid data, standardization
of the columns, and filtering of the data based on parameters that are of interest in the assessment
of water quality. The data was also transformed from a long format to wide format so that each
sample of water corresponds to a single row with multiple columns.

il. The data cleaning of the environmental dataset involved the removal of metadata, standardizing
column names,converting dates into a consistent format, and eliminating duplicate entries. When
new environmental data was obtained, the old and new data was combined programmatically.

C. Dataset Integration

1. The cleaned water quality and environmental datasets were integrated based on their common key,
which was the sampling dates. This led to the creation of a single dataset that contained both water
quality and environmental data. The data was made consistent by keeping only those records that
had overlapping dates.

D. Water Quality Index (WQI) Labeling

i A Water Quality Index-based system of categorization was also implemented using scientific
thresholds for important parameters like pH, dissolved oxygen, turbidity, and nitrate concentration.
A sub-score was assigned to each parameter depending on the range within which it fell—optimal,
moderate, and poor ranges. A water quality category was assigned by summing up the sub-scores
for each parameter. This process of labeling the water samples with categories was used for
machine-learning training.

E. Baseline Machine Learning Model

i. A Random Forest classifier was used to train a model on the labeled dataset, predicting water
quality categories based on numerical input data. The data was split into a training set and a test
set, with accuracy, precision, recall, and feature importance used to test the model's performance.
The feature importance values helped identify significant water quality drivers, such as dissolved
oxygen, nutrient concentration, and pH.

F.  Explainability Layer

i The results obtained from the feature importance of the baseline model were utilized to generate
rule-based natural language explanations for each sample. These explanations described the reason
for the sample’s classification into a particular category based on scientifically relevant factors,
such as low levels of dissolved oxygen and high levels of nitrates.

G. Al Model Fine-Tuning (FLAN-TS)

i. The data was transformed into instruction-response form, which is applicable for large language
models. In this case, the instructions were related to numeric water quality and environmental
measurements, while the responses included water quality categories and explanations. A
FLAN-T5 transformer-based model was used for fine-tuning to jointly classify water quality and
generate human-readable explanations from numeric data.

H. Model Testing and Demonstration

i. The trained FLAN-TS model was subjected to testing using new or simulated realistic values for
the input variables. The goal of the testing was to assess the model’s ability to generalize the
predictions. The AI model’s predictions were compared with the baseline model predictions for
the purpose of testing the interpretability of the model. A local interactive web-based demo was
developed.

IL.VI Prototypes/Trials
Project Varuna had multiple iterations, specifically when testing the predict forecast.py prediction script.
The terminal output reveals a critical misalignment between how the script was designed to receive inputs and how



the model had actually been trained. The error message indicates that the script was built to accept raw
physicochemical parameters as direct command-line arguments — --cond_max, --ph_max, --ph_min, --do_max,
--temp_mean, and several others — meaning it expected individual water quality measurements to be passed in
manually before any processing occurred. However, the model pipeline at this stage had been designed around
pre-computed Water Quality Index scores and categorized labels rather than raw numeric inputs fed through the
command line. This created a fundamental mismatch: the interface expected one format while the model anticipated
another. This kind of error is actually scientifically meaningful within the context of an iterative engineering
process. It revealed that the input-output contract between the data preprocessing pipeline and the prediction
interface had not yet been properly unified. In a real-world Al deployment for environmental monitoring, this type
of discrepancy could cause a system to silently produce incorrect predictions or fail to run entirely, both of which are
unacceptable in a tool intended to support public health decisions around water safety. Through multiple trials like
this one, a diagnosis was made about where the data flow was breaking down, refining the argument structure of the
prediction script, and ensuring that the model received inputs consistent with the format used during fine-tuning of
the FLAN-T5 model. Each failed run served as a diagnostic checkpoint, progressively narrowing the gap between
the raw environmental data coming in from the Austin weather and water quality datasets and the natural-language
predictions the model was trained to generate. This iterative debugging process is a standard and necessary part of
applied machine learning development, and documenting it demonstrates a rigorous, evidence-based approach to
engineering refinement.

predict.py: error: the following arguments are required: --cond_max, --ph_max, --ph_min, --cond_min, --cond mean, --do_max,
--do_mean, --do_min, --temp_mean, --temp_min, --temp_max
PS C:\Users\suhan\Documents\science_ fair> python predict_forecast.py

[-h] COND_MAX PH_MAX PH_MIN COND_MIN
COND_MEAN | DO_MAX | DO_MEAN | DO_MIN _ TEMP_MEAN
TEMP_MIN -- _ TEMP_MAX
predict_forecast.py: error: the following arguments are required: --cond_max, --ph_max, --ph_min, --cond_min, --cond_mean,

Figure 5.1- Errors from the first trial of Project Varuna

II.VII Calculations: F1 - Score

The F1 score in Al is a performance metric for classification models that calculates the harmonic mean of
precision and recall. Ranging from 0 to 1 (or 0-100%), it balances the trade-off between catching all positive
instances (recall) and ensuring high accuracy in positive predictions (precision). It is essential for imbalanced
datasets. The F1 score is really useful. It provides a balance between precision and recall by taking their harmonic
mean. The balance between precision and recall is crucial because it ensures that an increase in one metric does not
disproportionately affect the overall score without a corresponding improvement in the other. In scenarios where
false positives and false negatives carry different costs, the F1 score helps maintain a trade-oft: improving precision
typically reduces false positives, while improving recall reduces false negatives.

2 ¥ (Precision x Recall)

F1 Score =
Frecision + Kecall

Figure 5.2 - F1 Score Formula

Figure 5.3- Calculations done to find F1 Score



IL.VIII Merged Data Set

SAMPLE_ID

1-LBL @ Basin BOTT

1-LBL & Basin BOTT

1-LBL @ Basin SUAF

1-LEL @& Basin SURF

1-LBL @ Basin dpl

1-LBL @ Basin dpZ

1-LEL & Basin dp3

1-LEL 7 Basin dpd

1-LBL @ Basin dph

1-LEL & Basin dp6

1-LBL i@ Basin dp7

1-LBL @ Basin-Bot 1

1-LEL & Basin-Surt

1164-LBL d Red Bud Trail SUAF
1191-GIL @ Wast Farsons
12352-LBL & Powerline SURF
1252-LBL @ Poweerling SURF
1252-LBL @ Powertina-Surt
1252-LBL & Powertine-Surl
142-BUL & Spwd Spgs ek Xing [12]
145-0ON| southeast of SAR WWTF
160-Backdons Spg

1996-Radbud W of Parking ot SURF
1996-Redbud W of Parking lot SURF
1896-Redbud W of Parking lol-3urf
1996-Radbud W of Parking lot-Surt
1997-Lagoon @ Fastwal beach SURF
1997-Lagoan @ Festival beach SURF
1997-Lagoon i@ Fastival beach-Surt
IQQT-LEEOOI'\ i@ Fastival beach-Surf
2-LBL @ 15t BOTT

2-LBL @ 15t BOTT

2-LEL @ 151 SURF

2-LBL @ 15t SURF

2-LBL @ 15t dpl

2-LBL @ 1stdp2

2LBL@ 1stdp3

2LBL @ 151-Bont

2-LBL @ 1st-5urt

233-RIN 100 tt da Bradshaw Rd
2IB0-LWA i3 Quail Valley A
2732-LEL @ 1621 SURF

31E-TYS @ Reed Pk

A21-1118W Tth

3247-LBL VIP Site 34 SURF
3207-Windsor Rd A

3AT2GIL@ FME73

3333-WLM 50 i ds Matric Bhvd
35-Barton Sgg

35-Barton Spg

35-Barton Spi

390-11520 Lago de Garda Fiod Detention SW Corner
39011520 Lago de Garda Flood Delention West Wall
30-11520 Lisgo e Garda Iniot Storm Pine
390-11520 Lego de Garda Open Channel Outlet

4040-Aed Bud boat ramp SURF
A23-0ld Mill Spg

422-WQ-0ld Mill Spg

42B-Eliza Spg.

AB3-WLS & Walnut Metropolitan Park
5-LEL @ Red Bug BOTT

5-LEL @ Red Bud BOTT

S-LEL @ Rt Bud SURF

S-LEL @ Red Bud SURF

S-LBL @ Red Bud dpl

5-LBL @ Red Bud dp?

SLBL @ Red Bug dpd

5-LEL & Red Bud dpd

5-LBL @ Red Bud dps

5-LBL @ Fad Bud-Bott
E-LBL i@ Red Budl-Surl

51-BAR downstream of Lost Gk Bivd
S60-LKA @ Mansfield Dam SURF
Sau-LEA @ Manshield Dam SURF
S60-LKA @ Mansfield Dam-Surt
SE0-LKA @ Manshield Darm-Surf
SE1-LKA @ Tom Millar Dam SURF
561-LKA @ Tom Miller Dam SURF
561-LIA @ Torn Miller Dam-Surl
561-LKA @ Tom Millar Dam-Surt
573-LKA @ Emma Long Pk SURF
S573-LEA @ Emma Long Pk SURF
573-LKA @ Emma Long Pk-Surt
S73-LKA & Emma Long Pk-Surf
S89-WQ-Eliza Stream

E24-WLR @ 250

BE0-B5P @ Lower Dam

BE0-BSP & Lower Dam

BE-RSP @ Laver Dam

8-Cold Spg

a)-Spcewnnd Trib ds Spicewood Spg
539-Big Boulder Spe A

SAMPLE DATE drssolved oxygen nitrale ph

1022025
12/16/2025
102172026
12/16/2025
1042112025
10/21/2026
10/21/2025
10/31/2025
AW2L2025
1212025
10/21/20256
1052112025
1V2Lz0es
11/21/2025

1242025

1VAIZ025
1002412025

132025
10/24/2025
100212025
12/16/2025
10/21/2026
12/16/2025
1212025
10/21/2025
10°21/2028
LS B deni)
10/21/2025
10r14/2025

N2
11Z1E02s
10/14/2025

/52025
11212025

A0V7I2025
10/14/2026
11402025
12/10/2025

10/8/2025
11802025

12/8/2025

128/2025

127812025

12/8/2025
11 2/2026
12F10/202%
11714/2025
12110/2025
1014/ 2028
10/21/2025
12r16/2028
W0 2UE02E
12/16/2025
10/21/2025
10X 1/2028
10212025
10/21/2025
10/ 21/2026

1VZ 12025
A0/21/2025
11402025
10/3/2025
10°2402025
12025
10/ 24/2025
1VI2025
10V24/2025
V2025
107242025
10/3/2025
12402025
10/3/2025
AV 24/20058
1132025
1071472025
1210/2025
10/8/2025
11802025
12/10¢/2025
1071472025
AN2025

395
a61
738
G4
728

7.1
505
6.03
874
564
4.16

6.25
.74
6.12
sl

an
768

608
852
a3

a7
a’
7.82
748

a1s
283
785
5741
a.81
a7
3436
7.58
5.08
428
4.06
04
422

T.08
174
483
288

4.83

53
539
924
7.02
2.01
6.99
532
647
6.37
542

5,885
165
665

2
B.165

6.96
r3e

4.1
5.4
5.84
588
677
6.25
5.4
7487

00445
0.0383

0.0317

o0z
0.05E3

0173
0.288

0.02
0.501

4.05
10.9
0.281

1.4z
0.169

1.23
00454
0.0445

0.0z
0oz

002
0oz

0.02
0oz

18

1.82
477

7.8

B.O7
az

TES
765
ED3
TS
8,02
7.96
7.88

7.85
6.99
8.17

7.3
7.3
.26

7.75
7.05

E.6
7.46
.22
17
7.3

7.19
a.23
.42
8.22
7.92
7.87
732
7.22
7.19

7.694
7.5
7.99

7.85
B8.14

B.14
am

7.2
7.83
7.51
727
744
732
7.26

11

phosphorus turbidity water_temp temperature_2m_max precipetation sum oaylight_duration #1080 evapotranspiration
a

0225
469.08

0172
436.037

0.108
0043
0291

0.149

0.485
Q.01

.11

0.049
0045
201

0.095
0.01

0.138
0.224

0.051
0.243

0.09

4851
2.65

1.866
13.47
1.54

X

1132

402

263 0.7 ANEEE,S7 L]
15.47 16.1 11 36719.8 a
25.31 3.7 a 40558.97 a

158 16.1 11 37188 a
25.39 0.7 a 40556.97 a
25.38 3.7 a 40556.97 a
25.36 30.7 a A0556,97 a
26.32 3.7 o A0E56.97 o
aes] .7 ) A0556,97 a
25.24 0.7 a 40556.97 a
25.21 3.7 a 40556.97 a

0.7 a A05EE.57 a

H.T a A0536.97 o

.01 245 0.6 37788.25 a
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a2 41287 28
2307 A1287.28
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A2466.34

e 5.2 40249,06 Q
25.54 42486.34

2563 .9 6.2 4024806 a
A2456.34

309 5.2 40243.06 a

253 30.7 a 40556.97 a
15.69 16.1 11 36719.8 a
2582 3.7 a A0EEE.S7 o
1511 1451 11 IET15.8 a
257 ang L] AQG5E. 97 o
25.68 30.7 a 40556.97 =]
2564 a7 a 40556.97 o

0.7 a AQ5HEE6,57 o

30.7 a A0556.97 o
282 4128728
2913 4203081

276 245 08 IFTER.25 o
2326 4128728

% 2m2 a 2905084 o

289 245 08 3FTER3S o
526 42030.61
2504 4128728
0 56 4128728

285 221 a 35839.94 o
23.26 41922.57

23.7 29.4 a 002.o7 o
119 159 a 35001.91 o
17.2 159 a 3590191 o
157 1549 a 36901.91 o
16.7 153 a 35001.91 1]
2247 245 0.8 3778825 o
1916 221 ] I5H30,94 o
20.57 281 a 33314.11 o
2184 221 a 3663954 o
19.86 A1287.28
2185 30.7 Q A0556.97 o
16.43 16.1 11 367T19.8 o
2516 0.7 a 4055697 o
17.02 16.1 11 35719.8 o
25.19 30.7 a 40556.97 o
247 a7 [} 405EE.57 o
227 anz a 4055697 o
21 30.7 a 40556.97 o
2183 30.7 a 4055687 o

30.7 a 40556.97 a
30.7 a A055E6.97 a
2246 41287.28
nmn 4246E.34
26,38 0.9 5.2 A0240.06 a
4246634
30.9 5.2 A024E.06 a
27234 ALAGE. 34
26.59 309 5.2 4024E.06 a
ATAGE.34
3a 5.2 4024E.08 [}
26.04 L2466.34
26,85 309 5.2 4024E.06 a
4246E.34
3039 52 A0240.08 a

21.9 25.6 a FHAT5.06 a
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2185 221 a 36830.04 a
2399 41922 57
2412 284 a 30002.07 1]
2117 21 a 3E439.94 a
2313 41287 28
2395 430,61

Figure 6.1-Merged Data including Environmental Data and Water Quality Data
ILIV Data from Open-Meteo



N -97.75°E 157m above sea level

2ms, downloaded in 1096ms, time in GMT-6

-@ temperature_2m_max
temperature_2m_min
@ precipitation_sum

@ et0_fao_evapotranspiration
daylight_duration

Figure 7.1- Weather Data from API: Open-Meteo

ILIV Training Model Code

X_train, X_test, y_train, y_test = train_test_split(
X, ¥y
5,
t accuracy_score, classification_report random_state=42,
stratify=y

data_path = "data/p | |
df = pd.read csv(data_path) model = Random

n_estimators=200

random_state
feature_cols = [ )

model. fit(X_train, y_train)
y_pred = model.predict(X_test)

acc = accuracy_score(y_test, y_pred)
print(" Baseline Random F Results™)
print( » round(acc,

print(

importance:
model. feature_importances_,

index=feature_cols
).sort_values(ascending=False)

) print("\nF
print(importances

Figure 7.2- Code from Training Flan T5

111. Results and Discussion
III.I Random Forest Confusion Matrix

Random Forest Confusion Matrix (Test Set)

16
4
Fair 6 o
12
10
2
2 8
6
Good o
00 4
2

Fair Good
Predicted label

Figure 7.3 - Confusion Matrix



A confusion matrix, shows how well the Random Forest model predicted water quality categories on data it
had never seen before (the test set).It compares the Actual (true) labels - left side (y-axis) by thePredicted labels -
bottom (x-axis). The model made 23 correct predictions and 0 incorrect predictions. The confusion high correct
predications because the dataset is relatively small and the water quality categories were created from clear
environmental thresholds. The features (DO, nitrate, pH, turbidity) strongly determine the category

IIL.IT Data Analysis

The data analysis was carried out purely using computational techniques in the programming language
Python. Once the data was preprocessed and the data from both sources was merged, summary statistics were used
to obtain information about the data, including the size of the dataset and the range of the parameters. Tables were
used to present the size of the dataset, the range of the parameters, and the frequency of the water quality categories.
For the assessment of the predictive efficiency, a Random Forest classifier was used to develop a baseline model.
The accuracy, precision, recall, and Fl-score (balanced measure of precision and recall) of the model were
calculated on a test set, and the results were presented in tabular form. The feature importance values obtained from
the Random Forest model were presented in the form of a ranked table or chart to identify the most important
features used to predict the water quality. The natural language explanations generated by the fine-tuned FLAN-TS
model were qualitatively compared with the feature importance results of the baseline model. The explanation
generated by the Al model was ensured to be consistent with the physicochemical drivers, including dissolved
oxygen, nutrient levels, and pH, among others. The example outputs were shown as text tables to demonstrate the
relationship between the numeric inputs and the predicted categories and explanations. The classification
consistency was compared between the baseline model and the AI model. By utilizing graphs, tables, and
performance metrics, it was determined if an accurate water quality assessment was being made by the Al system.

IILIII Project Interface
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Figure 8.1- Home Page of AI Demo
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Figure 8.2- Outputs of Different Data Inputs on AI Demo

Compared to traditional rule-based approaches, the Al model analyzed several variables at once and
identified patterns that may not be obvious through traditional methods, allowing for more adaptable and accurate
assessments. By combining predictive accuracy with explainable results, Al-based systems have the potential to
support faster decision-making and improve how communities monitor and manage water resources.



IIIL.IV Observations

A. Water samples with higher dissolved oxygen and balanced pH were consistently classified as Good
water quality.

B. Samples with lower dissolved oxygen or higher nutrient levels were more often classified as Fair.

C. The Random Forest model showed that dissolved oxygen, nitrate, and pH had the strongest influence
on predictions.

D. The fine-tuned FLAN-TS model generated water-quality predictions along with explanations that
referenced the same key factors identified by the baseline model.

E. Both models produced consistent classifications when given similar input conditions.

IV. Conclusions

The results of this study show that computational methods can be used to predict water quality using
categories of physicochemical and environmental data. Traditional water quality assessment methods often rely on
fixed threshold rules. While these rule-based systems are simple and interpretable, they cannot capture complex
interactions between multiple environmental variables. In contrast, our Al model learns patterns from data and
considers how features such as pH, dissolved oxygen, turbidity, nitrate, temperature, and daylight duration interact.
The fine-tuned FLAN-TS model produced water quality categorization that is consistent with the baseline model and
also being able to generate natural language explanations to showcase what the water quality predicted. This
indicates that explainable Al systems can maintain precision while improving clarity of the results. Overall, the
results suggest that Al-based approaches can support comprehensible and consistent water quality assessment,
providing a foundation for future systems to improve and assist environmental monitoring.

IV.I Limitations

One limitation of this study is the limited geographic scope, as the model was initially trained using water
quality data primarily from the Austin area. Because environmental conditions, pollution sources, and seasonal
patterns vary across regions, the model’s performance may change when applied to new locations without additional
training data. In addition, the water quality categories were derived from predefined thresholds, which may simplify
complex environmental interactions. Because the dataset currently spans only four months and does not include
severe storm conditions, the model’s ability to predict nitrate fluctuations related to heavy rainfall is limited.
Ongoing data collection will strengthen predictive accuracy and generalizability over time.

IV.II Future Projects
In the future, we hope to expand this project beyond the Austin area by first implementing the system in
additional regions across Texas, such as Dallas and Houston. After validating the model’s performance across
multiple cities, we plan to further expand the system to other states in order to evaluate its scalability and
adaptability to different environmental conditions.
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