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ABSTRACT: 2.1 billion people worldwide lack access to potable water; roughly 250 million people developed malaria in
2020 alone, and an overwhelming majority of the cases were in underdeveloped African countries. This research aims to remove
socioeconomic disparities in drinking water by introducing a novel, cost-effective, and relatively accessible method for pathogen
detection, generally focusing on widespread and hazardous bacteria (e.g., Escherichia coli, Salmonella) and protozoa (e.g., Amoeba,
Paramecium, Euglena. By implementing a machine learning (M.L.) algorithm for pathogen identification and consolidating the
data into a cloud database to improve the convolutional neural networks (CNN), PuriScan, our app, and product can accurately
and rapidly assess the contents of water samples in less than 10 seconds, costing only 20 cents each. Furthermore, with confidence
levels of 99% through thousands of selected database images in both pathogenic presence and identification, PuriScan can
precisely pinpoint the location of dirty water through a GPS-coordinate system and “map” the feature. Integrating PuriScan’s pure
engineering with aspects of computerized intelligence can significantly reduce the logistics of traditional water characterization.
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B Introduction

Literature Overview:

26% of the world’s population does not have a safe drinking
water supply, and only 1% of the world’s water supply is drink-
able freshwater."” Furthermore, more than 3.5 million people
die each year due to water-related diseases; water-borne diseas-
es are the leading cause of disease and death around the world.?
While water potability has been thoroughly examined; many
countries simply do not have the resources or funding avail-
able to transform non-potable water into potable water. While
many solutions are available for water filtration, such solutions
are only available locally and do not anticipate the barriers to
project implementation. Applied similarly, in many underde-
veloped countries in Africa, polluted water simply cannot be
fixed through one direct solution; instead, citizens in various
municipalities would need to determine whether their water
sources are considered safe or not.*’

Recently, the National Academies Press (NAP) released an
annual report detailing the current methods of microbial de-
tection in water, stating that most methods are too expensive
or unfeasible to be implemented.® According to the NAP, fil-
tration methods for water cleanliness are the most congruent
and viable; however, other methods from Castillo-Henriquez,
who researched possible biosensors for bacterial and viral de-
tection” and the World Bank, who suggested commercial
chemical methods® provided reasoning for the advantages in
their respective proposals. Collectively, all parties agree that the
prevalence of dangerous pathogens in supposedly “potable” wa-
ter needs to be urgently addressed.

Current portable microscopy applications fall into three
categories: 1) computational sub-micron Raspberry Pi micro-
scopes, 2) low-cost 3D-printed microscopy inverse imaging,

and 3) smartphone-compatible UV lenses’™'. However, the
microscopes listed above have disadvantages that must be
addressed for commercial translation. The computational
sub-micron microscope is incompatible with smartphones,
meaning that many sets of Raspberry Pi technology will have
to be purchased and analyzed from the users’devices to test for
water purity. Further, with the raw data being Bayer images, it
becomes extremely hard to differentiate between bacteria and
free-floating particles.” For the microscope that provides in-
verse imaging, optical building for 3D is not necessarily needed
for bacterial detection, and the advancement in optical imaging
(to train pathogen datasets) may not be holistically accurate.

Further, the construction of the optical microscope will
require special parts and modules, further inflating the price
needed for a portable microscope.’® Lastly, POCKET MUSE,
a microscope created to fit on a smartphone, could only detect
UV frequencies and histology. The objective of this study is to
image and predict pathogen levels in drinking water." Oth-
er inventions like clip-on microscopes (PNNL) and handheld
microscopes (Sigma) do not predict pathogen levels and serve
only as a viewing device.

Membrane Filtration:

Membrane Filtration uses layers of semi-permeable mate-
rial to separate substances when driven across a membrane
layer. Membrane Filtration methods can be beneficial for the
removal of bacteria, microorganisms, particles, or other organ-
ic material.'”? A key advantage of membrane filtration is the
compactness of the membrane and the simplicity of separating
many contaminants from water. Through multiple construc-
tion configurations (plate-frame, tubular, spiral, and hollow),
membrane modules allow for the filtration of various materials
through their porous composition.*
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Microfiltration, the most prevalent membrane pore arrange-
ment of membrane filtration, has the largest pore size (0.2 pm
on 100 kD UF) and typically rejects large particles and various
microorganisms.'* Disadvantages of microfiltration include
backwashing (the production of polluted water by intermix-
ing filtered contaminants) and coagulant filters. Composed of
ceramics or metals, microfiltration membranes avoid degrada-
tion caused by membrane fouling (the process where particles
cause severe flux decline).”® The equation to calculate flux is:

1. J=AP/n(Rum + Re)

where ] is the flux number, AP is the pressure difference be-
tween both the filtered and unfiltered, M is fluid viscosity, Rm

is membrane resistance, and Rc is pushing resistance.'®!’

2. LRV = logy, (S¢/Sp)

Where Sf is the bacteria concentration before filtration and
Sp is the bacteria concentration after filtration."”” Comprehen-
sibly, a higher LRV represents higher precision when isolating
bacteria. For instance, a filtration of LRV 3 may reject 99.9%
of bacteria, but a filtration of LRV 4 may reject 99.99%. The
ideal water filtration for bacteria is usually at LRV 6-7, but in
many developing countries, the LRV level may only be 3-5; in
others, still, the LRV may be nonexistent due to poor infra-
structure and lack of LRV-based membrane distribution.

Besides microfiltration and ultrafiltration, nanofiltration
(0.2-2 nm) and reverse-osmosis methods (0.1 nm) can filter
chemicals, proteins, particulates, or even smaller microor-
ganisms. Disadvantages such as high cost and manufactured
fragility, however, have effectively stopped the development of
nanofiltration and reverse-osmosis filtration models.*®?

Biosensors:

Biosensors are a relatively new solution for microbial detec-
tion in water. These devices involve many transducer circuits
and a biological reaction catalyst, normally an enzyme, anti-
body, or nucleic acid. The biological response attached to the
transducer will induce an electrical signal detected by trans-
fer devices such as Bluetooth or near-field communication
(NFC) modules. There are six different categories of biosen-
sors. Three of these are currently employed in water detection:
electrochemical (signal communication through frequency,
current, or voltage),*® thermometric/fluorescent (visual signal
through light waves),*" and optic biosensors (detection of vi-
sual changes and relaying through patterned optic markers)
Figure 1.** Biosensors, however, present the challenge of ener-
gy efficiency when employed and poor sensitivity for the less
expensive options available to the public. Biosensor-based di-
agnostics include relatively poor sensitivity for both qualitative
and semi-quantitative results; despite signal amplification or
circuit redesign, the flaws in the range and precision of bio-
sensor information, along with the incapacity for long-term
use, add up to many disadvantages for biosensor-related ap-
plications.**?*

B Methods

Our Idea - PuriScan:

As of 2018, 83% of adults in both developing and underde-
veloped countries own a smartphone.”® An app would be the

most beneficial pathway to make the product accessible

and widespread with the modern increase in technology usage
and prevalence. We designed and developed PuriScan, a device
that enables the user to upload images and take images of wa-
ter using our 3D printed microscope and upload the image to
our custom-designed cloud server where the model is present.
After uploading the images, the model can quickly predict and
return the results within seconds to the user. The user has the
option to add their results to a map that is uploaded to our ser-
ver. The user can also view the map and see the results of oth-
ers who have uploaded their results. This design can both act
as a lifesaving method for microbial detection and alert regula-
tory officials to help with their varying water problems.
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Figure 1: A schematic diagram of a biosensor consisting of the sensing
layer, transducer, amplifier, processor, and display (Adapted from Andrade
et al).

PuriScan Application Design:

PuriScan was created using the React Native library to de-
sign the user interface and functionality of PuriScan. A key
advantage of React Native is the universality of the app; Re-
act Native allows individuals to code in one programming
language, JavaScript, and publish on all devices’ download
services (as both an APK, APP, or File Formatting). With
this universality, PuriScan is accessible to everyone no matter
what device they use,”® which region they are from, or what
file they import.

To house the model in the cloud hosting software, Her-
oku was used to host the model, where the app can request
the model by transmitting data through a POST request.”’”
In our case, the image submitted will receive results from
Heroku after the request has been submitted and the image
has been processed. The last feature of the app is the MAP
(Machine Assisted Pinning) which is essential for spreading
information about the purity of water. Google Maps was used
to create an interactable map where the user can zoom, pan,
rotate, and tap markers to view information on microbial
likelihood.

The data for the location of the markers and the corre-
sponding results were stored in a Firebase database. This
Google service allows one to create a cloud database to store
information. The app uses Firebase to store the latitude and
longitude of the markers along with the results.?® Informa-
tion on the longitude and latitude can be downloaded to
the user's phone, where the PuriScan can read the data to
produce the clickable marker (Figure 2). Figure 3 shows an
8-panel demonstration of the application used and the panels
displayed at each interval.
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Figure 2: user requesting authorization through Heroku [b.] in JavaScript.
[c.] Convolutional neural networks (CNN) act upon PuriScan authorization
and predicts based on thousands of images in the database. [d.] Firebase
hosting pinpoints user location through GPS coordinates and marks in

[£] with [e.]’s results. The user will also be able to see the results before
submission.

PuriScan

&

Figure 3: The user interface of the app contains 8 screens where the
user can upload an image or take an image, submit the image, and receive
the result. They also have the option to add their results to a map that is
accessible to all users of the app. The layout is simple and easy to use to
ensure accessibility.

Cost-Effective Microscope:

To complement PuriScan’s application, a lightweight, low-
cost microscope must be developed and easily accessible for
developing countries. Instead of a traditional microscopic lens,
PuriScan implements glass beads (Imm, 3mm) for magnifi-
cation; the concavity of smaller glass beads refracts a smaller
portion of the sample, providing a more “zoomed-in” image
of pathogens. 3D printing, therefore, provided an avenue to
experiment with possible materials or designs regarding micro-
scope infill, structure, translucency, and durability (Table 1).°

3D printing also allows us to design on a ubiquitous com-
patible operating program (STL — Shapr3D) which can be
distributed and open-sourced. Further, thermoplastics and
thermosetting plastics [made from fused deposition modeling
(FDM) printers, stereolithography (SLA) printers, and selec-
tive laser sintering (SLS) printers] can be compared with one
another based on quality and mass production.****> Moreover,
materials like polylactic acid (biodegradable, rigid, brittle),
polyethylene terephthalate glycol (PETG) (faster production,

high transparency, food-safe), and high impact polystyrene
(HIPS) (soluble support, dissolvable) can be compared in du-
rability trait comparisons to determine the best combination of
lens and cartridge (Table 2).33°

Table 1: Advantage comparison between 3D printable material and system.

Material Advantageous Features Applications

Polylactic Acid (PLA) Easily accessible Easy for prototyping
Biodegradable Conceptualization
Odorless

P Ter Faster production ‘Waterproof

Glycol (PETG) Chemical resistant Assimilable components
High Transparency

Nylon Durable ‘Wear-resistant parts

Impact-resistant
Flexible & Stretchable
Vibration Dampening

Thermoplastic Flexible prototypes/parts

(TPU)

Polyethylene

High Impact Polystyrene (HIPS) Soluble support material

Dissolvable

Support material

Table 2: Compilation of materials used when manufacturing PuriScan.
Polylactic Acid Cost®®; Polyethylene Terephthalate Glycol (PETG) Cost®;
Borosilicate Glass Beads Cost38; Stickable Mirror Pieces3?-

Materials A Cost (per unit)
Borosilicate Glass Beads Magnification (350x) $0.015
Stickable Mirror Pieces Reflection Purposes $0.004
AND
Polyethylene Terephthalate Glycol ‘Waterproof Magnification $0.1
(PETG) Support
OR
Polylactic Acid (PLA) Magnification Support $0.07
Total Cost (Per Unit): > $0.0854 — $0.119

PuriScan Computer Aided-Design:

In the first few months of designing PuriScan, multiple
prototypes using 3D-creating software (AutoCAD, Shapr3D,
and OpenCAD.io) were created. PuriScan’s flexibility was de-
termined through simulations on AutoCAD’s personalized
simulation software. Various design factors like durability,
measurements, size and scaling support (SS) levels were also
considered. Finally, PuriScan was printed using different mate-
rials (3 of each material) and objectively tested for viability in a
water-induced environment (Figure 4).

N

a. b.

Figure 4: PuriScan [a] was the first design (created in AutoCad & exported
to 3D Viewer). This design consisted of 2 holes (Imm x 1mm) for the
BioSpec glass bead placement for magnification (350x). PuriScan [b] was
the second design (created in Shapr3D and exported to 3D Viewer). This
design consisted of 2 holes (measured 1mm x 1mm) for magnification and a
cartridge holder for varying water samples. PuriScan [c] was the final design
(created in Shapr3D and exported to 3D Viewer). This design consisted

of 3 holes (measured 1.5mm x 1.5mm) for magnification and a cartridge
holder (with selfilling) for varying water samples. PuriScan [c] also is more
lightweight, costs less, and facilitates both natural light and sunlight into the
water sample.

3D Printing for PuriScan:

A digital 3D model was converted into an STL file. The
model was sliced 2-dimensionally (also known as the G code)
to specify infill, durability, orientation, pathway, and predictable
support using A.L known as G-code A.L The print platform
can be started through a nozzle-based system or the melting
of plastic or melting of a foundational layer of plastic or model,
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essentially carving into the plastic bilayer. Post-processing
using varying PSI modulus tested for tensile strength (Accu-
View’ 10000).

Prototypical Testing:

To measure preliminary data, PuriScan was tested through
collected water samples from filtered (F), nonfiltered (NF), and
terrestrial (TR) sources to perform an accurate comparison be-
tween our machine learning values for PuriScan and laboratory
microscope (ECHO) images (n=150, random sampling). To
calibrate for microbial size differences, two different datasets
for both PuriScan and ECHO were created. Ultimately, the
calibrated ECHO datasets were set to match the magnification
of PuriScan magnification to form a side-by-side comparison
between both datasets and results. The images captured then
ran the algorithm coded within the PuriScan App to give the
A.I.model prediction on bacterial contamination or lack there-

of (Figure 5).

Water samples taken from
filtrered (F), nonfiltered (NF),
and terrestrial (TR) sources

One of many images from TR
sources

Figure 5: This schematic demonstrates our testing comparisons between
PuriScan and conventional microscope methods of filtered (F), nonfiltered
(NF), and terrestrial (TR) water sources. Since PuriScan scans on a 350x
magnification, the bacteria can be more clearly seen in PuriScan compared to
the microscope (on 250x magnification).

Data Augmentation:

The dataset used for training and validating the model
was from the Woods Hole Open Access Server (WHOAYS),
consisting of microscopic images of microbes in water. For ref-
erence to “clean water,” we collected purified water and imaged
it according to the same background color as WHOAS to sim-
ulate the same atmosphere for that group.*

Data augmentation is useful in creating new modified imag-
es from the original dataset; the process of data augmentation
takes advantage of existing pictures by rotating, shifting, skew-
ing, and enlarging images. Creating new images using data
augmentation allows PuriScan to learn how to classify simi-
lar pictures. Data augmentation, seen in Figure 6, accounts for
variations in images such as rotations which expands the data-
set and benefits the accuracy of the model.**

Convolutional Neural Networks:

Convolutional Neural Networks (CNNGs) is a branch of deep
learning for classifying images; CNNs take in an image as an
input where they can analyze the image and assign weight that
correlates to the “importance” (based upon logistical regres-
sion values) of features. The building blocks of CNN consist
of nodes, essentially acting as the decision processes of human
neurons. The central concept of a CNN is to eliminate all fea-
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Figure 6: The data augmentation from the most prevalent (and database-
plentiful) classes of bacteria, protozoa, and other microorganisms found in
water by using Woods Hole Open Access Server (\WHOAS).

tures that are not beneficial for classification, resulting in the
most essential features through a combination of convolutional
and pooling layers. These features consist of edges, color, and
orientation; the last layer is a dense layer with n nodes, where n
represents the number of labels---for our CCN model, a bina-
ry classification model, n would be 2 since there are 2 labels.*
TensorFlow was used for CNN implementation in PuriScan.
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Figure 7: A general representation of the layers within a convolution neural
network. The feature learning layers consist of CNN layers and pooling
layers (adapted from Saha ez al).

Logistical Regression:

Logistical regression in machine learning is an algorithm for
binary classification where the predicted values are re-arranged
to fit between 0 and 1 (Figures 7, 8). As a result, the predicted
values are transformed from an integer indicating a label to a
decimal value representing the probability of the correct pre-
diction.®

.models.Sequential()
. 2), activation="r

activation="r

activation=

.add(
.add(Ma
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-add(MaxPool2D( (2,

activation=

Figure 8: Representation of Logistical Regression in PuriScan

B Results and Discussion

PuriScan’s Results and Discussion section can be separated
into 3 distinct categories:

1. Characterization of PETG, PLA, HIPS, and Nylon mor-
phology and durability
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2. Characterization of PuriScan’s A.I. confusion, convolu-
tion, and confidence (3Cs)

3. Statistical significance based on PuriScan Data for major
Bacteria groups

Testing for UTC, Yield Strength, Young’s Modulus, and
Elongation % is important because longevity in pathogen-con-
taining slides can help reduce inaccurate readings, the need for
replacement, or slide-host contamination.

UTC, Yield Strength, Young’s Modulus, and Elongation %
Analyses:

Durability, or Ultimate Tensile Strength (UTS), can be de-
termined through PSI modules (AccuView’ 10000 tensile
machine). UTS is the maximum stress a material can with-
stand in tension before breaking entirely. HIPS had the largest
UTS, followed by Nylon, PLA, and PETG. All the prototypes
were laid horizontally to reduce area exposure and weakness
points (Figure 9).

Yield Strength can be determined through PSI modules
(AccuViewi 1000© tensile machine). Yield strength is the
maximum stress a material can withstand tension before any
denaturant. PLA had the most considerable Yield Strength,
followed by Nylon, PETG, and HIPS. Again, all prototypes
are laid horizontally as a constant factor to reduce exposure to
weak points and to keep record data without biases (Figure 10).

Young’s Modulus of Elasticity can be determined through
PSI modules (AccuViewi 1000© tensile machine). Young’s
Modulus is a measure of elasticity compared to one another; it
is the ratio of stress to which the object is exposed to the strain
produced. Overall, PLA had the highest Modulus of Elasticity,
followed by Nylon, PETG, and HIPS. All prototypes were laid
horizontally as a constant factor to reduce exposure to weak
points (Figure 11).

Elongation % demonstrates the percentage of elongation
based on millimeter measures before and after the materi-
al breaks. Elongation % is a post-measurement stress factor.
PETG had the most extended elongation difference, followed
by PLA, Nylon, and HIPS. All prototypes were laid horizon-
tally as a constant factor to reduce exposure to weak points
(Figure 12).

Ultimate Tensile Strength
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Figure 9: UTS test comparing PLA, PETG, HIPS, and Nylon materials
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Figure 10: UTS test comparing PLA, PETG, HIPS, and Nylon materials.
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Figure 11: Young’s Modulus test between PLA, PETG, HIPS, and Nylon
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Figure 12: Elongation % measurement between PLA, PETG, HIPS, and
Nylon materials.

Discussion of UTS, Yield Strength, Youngs Modulus, and
Elongation:

AccuView’ 1000 PSI Tensile Tester© provides a venue to
examine the different materials through an objective lens.
Based on the data for Nylon (8024, 2420, 145280, and 5.36%
for UTS, Yield Strength, Young’s Modulus, and Elongation %,
respectively), Nylon seems the most plausible material to use
because of its optimal ranking in all categories. Meanwhile,
PETG (7055, 2314, 132942, and 11.87% for UTS, Yield
Strength, Young’s Modulus, and Elongation %, respectively)
seems the least likely material to employ because of its extreme
tendency for deformity and elasticity. Both PLA (7287, 3155,
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153234, and 6.23%) and HIPS (9123, 1287, 129003, and
4.23%) seem like moderate options.

However, when considering the applications of viability,
PETG and PLA seem the most plausible because of their
cost and features. For instance, PETG is the only waterproof
plastic, proven non-toxic through many literature studies de-
tailing its usage, and mass manufacturable. PLA, meanwhile,
has widespread use in prototyping and is extremely popular be-
cause of its strength and simplicity---yielding a simple design.
In conclusion, PETG and PLA were chosen for the future
manufacture of PuriScan because of their availability and re-
al-world implications.

Confusion of PuriScan Predication Labels:

A confusion matrix of the machine learning model dis-
playing true positives, true negatives, false positives, and false
negatives is shown (Figure 13). True positives and negatives
represent the model correctly predicting whether bacteria are
present (positive) and not are present (negative). False-positive
and -negatives represent the model incorrectly being present
(positive) and not being present (negative).

Confusion Matrix

Bactera - 33 Q

True Labels

Mo Bactena - 3

Bacteria

HNo Bactera
Preducted labels

Figure 13: Demonstration of the confusion matrix for PuriScan’s code,
containing true positives, true negatives, false positives, and false negatives.

Convolution of PuriScan - Layering and Parameters:

Layering convolutions are especially important in deter-
mining the parameters the machine learning algorithm may
have, and the effects convolution may have on the accuracy and
confidence of the model. In total, we had three iterations of
Conv2D pooling (resulting in different transformations and
scaling), three iterations of MaxPooling (resulting in various
transformations and scaling), and one interaction of Flatten,
Batch Normalization, and Density consideration. In total, we
augmented 3734 new images (Table 3).

Table 3: Demonstration of the confusion matrix for PuriScan’s code,
containing true positives, true negatives, false positives, and false negatives.

Layer (type) Output Shape Parameter #
Conv2D (None, 99, 99, 32) 416
MaxPooling2D (None, 49, 49, 32) 0

Conv2D (None, 48, 48, 16) 2064
MaxPooling2D (None, 24, 24, 16) 0

Conv2D (None, 23, 23, 8) 520
MaxPooling2D (None, 11, 11, 8) 0

Conv2D (None, 10, 10, 4) 132

MaxPooling2D (None. 5, 5. 4) 0
Flatten (None, 100) 0
Batch Normalization (None, 100) 400
Dense (None, 2) 202
Confidence of PuriScan:

Confidence in PuriScan is characterized by a logistical re-
gression format in which the machine learning algorithms will
calculate the “probability” of the likelihood of a specific cate-
gorization of the mentioned image. One hundred eighty-one
images had confidence levels between 0.91-1.0, 9 images had
confidence levels between 0.82-0.91, 7 images had confidence
levels between 0.73-0.82, 0 images had confidence levels be-
tween 0.64-0.73, and 3 images had confidence levels between
0.55-0.64 (Figure 14).

175

a6 o7 o8 03 140
Confidence Scare

Figure 14: A confidence chart demonstrating a compilation of scores from
200 randomly chosen images from all testing groups (TR, NF, and F). These
images were selected from convolutional layers marked as “important,” seen
in previous parametric equation labeling.

Discussion of PuriScan’ Confusion, Convolution, and Confi-
dence (3Cs):

PuriScan’s confusion had only three false negatives, garner-
ing a relatively accurate prediction based on confusion data.
Meanwhile, 174 were true negatives (which correlated), and
33 were true positives (which correlated as well). Overall, the
pathogen detection in our 200-sample test was reliable, our
+ 1.5% margin of error demonstrates the reliability of using
PuriScan, and the accessibility of PuriScan (returning results
in less than 5 seconds) demonstrates the implications of Puri-
Scan for real-world application. PuriScan’s confidence (181
characterized in 0.91-1.0, 9 characterized in 0.82-0.91, 7 char-
acterized in 0.73-0.82, 0 characterized in 0.64-0.73, and 3
characterized in 0.55-0.64) demonstrates confidence values in
PuriScan’s machine learning decision tree. The higher the con-
fidence values, the more likely PuriScan will select these values.
The confidence values for PuriScan were likely extremely accu-
rate because of the large number of datasets available and the
intricacy of our CNN algorithm.

Compared to existing products like CleanWater A.I. and
Intel A.L, PuriScan is roughly 5,200 times cheaper,* just as
accurate (98-99%)45, and possesses a cloud storage service to
track locations of water contamination. Furthermore, PuriScan
is roughly 24 times faster in assembly, 113 times faster in manu-
facturing, and provides real-time analysis, just like CleanWater
A.1.* Using glass beads rather than convex lenses conceptual-
ized the first microscopes, however, expanding beyond the
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“archaic” theory has been only accomplished by a few. Their
companies did not receive any funding to continue their proj-
ect.

In conclusion, PuriScan performed well when compared to
itself and others. Through our machine learning testing (confu-
sion, convolutional, and confidence), we validated the integrity
of PuriScan and the algorithm on which PuriScan runs.

Statistical Analysis:

PuriScan’s statistical analysis groups can be separated into
major groups of bacteria (for which we have over 500 sam-
ples of “true” samples). These samples can be plotted against
microscopic detection and PuriScan detection to generate an
ANOVA-2-way testing platform to generate an r2 value (Fig-
ure 15).

Statistical Significance of PuriScan
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Guinardia delicatula Thalassioria == Pseudonitschia

Figure 15: A statistical analysis based on our 7 selected bacterial factors.

Discussion of Statistical Analysis:

PuriScan’s statistical analysis showed an extreme correlation
between PuriScan’s confidence levels and ECHO’s analysis.
None of the r? correlation values was below 0.5, and over 94%
of 12 correlation values were within the range of 0.99-0.999.

From these seven groups of major threatening bacteria, Lep-
tocylindrus, Cylindrotheca, Rhizosolenia, Chaetoceros, Guinardia
delicatula, Thalassioria, and Pseudonitschia, PuriScan reveals
with correct certainty that the percentage of confidence and
r2 correlation.

B Conclusion

Summary:

PuriScan has successfully incorporated a Machine Learning
algorithm (with CNN and Deep Learning algorithm), func-
tional magnifyable prototype/cartridge, and MAP feature.
PuriScan revitalized a pre-existing method of magnification
(with our novel design for the borosilicate glass beads contain-
er and lens) for microbe magnification. PuriScan’s filaments
(PLA and PETG) demonstrated high UTC, Yield, Young’s
Modulus, and Elongation % Values: for PETG, 7055, 2314,
132942, and 11.87%; while for PLA, 7287, 3155, 153234, and
6.23% for all above factors, respectively. PuriScan’s pure con-
fusion and confidence values, based on logistical analysis, were
99.2% & 99%, respectively, and PuriScan’s margin of error was
roughly +1.5% deviation. PuriScan’s general trend had a 94%
correlation rate between PuriScan’s microscope prototype and
the laboratory ECHO microscope. PuriScan is expected to
cost roughly $0.10 for the cost of filament (PLA or PETG),

borosilicate glass beads (Imm x 1mm), and stickable mirror
pieces (5 per prototype).

Future Directions:

PuriScan can be expanded to encompass viruses or other
pathogens soon. While new beads (of smaller sizes) will have
to be made, the existing backbone machine-learning algorithm
for bacteria and protozoa is already present; thus, changing the
parameters to fit viral detection will not be as complicated.

PuriScan can also be patented and branched, as it is a novel
design for the iPhone clip-on. Additionally,

PuriScan can be distributed in developing countries that
do not yet have existing clean water infrastructure. Lastly,
PuriScan can be programmed into its own water-based A.L
detection program, which will be exclusively for detecting
pathogens in water.
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