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DIGITIZATION OF DATA-DRIVEN DECISION MAKING:
A RISK MANAGEMENT PLATFORM FOR EPIDEMIC &

PANDEMIC PREDICTION

Abstract

Early efforts to predict the spread of disease have been traced back to the 14th century.

Most notable in historical disease prediction is the Black Death which engulfed Europe from

1347 to 1351, killing an estimated 200 million people. Attempts to predict the spread of disease

have, until recently, relied essentially on weather predictions coupled with the emergence of

known vectors of a given pathogen. Recent software developments have allowed computer

models to make use of predictive analysis of disease trends to help isolate the most likely path

for disease expansion. Data from hospitals and clinics, combined with key word search of social

media and air travel data add additional variables to the prediction process.

The advent of the present COVID-19 Pandemic clearly demonstrates the urgent need for

airborne pathogen detection methods, and associated decision analysis regarding the virulence

and the pathogenicity of an infectious agent. The motivation of the dissertation was to create a

crowd-sourced means of reference pathogens image templates, necessary for deep learning

algorithm development for computer vision identification of unknown pathogens. Utilizing deep

learning analytical techniques as a tool to augment traditional chemical signature information to

yield near real time identification of airborne pathogens, thereby yielding improved decision

matrix accuracy outcomes.



viii

TABLE OF CONTENTS

Title Page …………………………………………………………………………….… i

Approvals ……………………………………………………………………………… ii

Copyright Statement …………………………………………………………………… iii

Abstract ………………………………………………………………………………… vii

TABLE OF CONTENTS ………………………………………………………………….viii-ix

LIST OF TABLES ………………………………………………...………………………. x

LIST OF FIGURES ……………………………………………………………………….. xi-xii

CHAPTER 1: INTRODUCTION ………………………………………………………… 1

CHAPTER 2: RESEARCH SCOPE ……………………………………………………… 4

2.1 Motivation & Research Question …………………………………………………… 4

2.2 Hypothesis ………………………………………………………………………….. 5

2.3 Long-Range Goal …………………………………………………………………….10

CHAPTER 3: LITERATURE REVIEW ………………………………………………… 11

CHAPTER 4: RESEARCH PROCESS ………………………………………………….. 16

4.1 Data Plan & Expected Outcomes ………………….….……………………………. 27

4.2 Bertin’s Visual Variables ………………………….…………………………………28

4.3 Computer Vision …………………………………….……………………………….29

4.4 Convolutional Neural Networks ………………….………………………………….29

4.5 b-CAPTCHA Concept ……………………………………………………………….34

CHAPTER 5: RESEARCH DATA ……………………………………………………….. 55

CHAPTER 6: RESULTS & IMPLICATIONS …………………………………………...61



ix

REFERENCES ……………………………………………………………………………… 67

APPENDIX A: CONCEPT AIR SAMPLER ………………………………………..……. 72

APPENDIX B: GLOSSARY OF TERMS………………………………………………… 78

APPENDIX C: CONCEPT AIR SAMPLER……………………………………………… 81

APPENDIX D: LETTERS OF SUPPORT:………………………………………………... 85



x

LIST OF TABLES

Table 1. Concentration of of Virus-Like Species and Bacteria-Like Species in Air ............ 6

Table 2. Current  Infectious Disease Predictive Models....................................................... 7

Table 3. Principal Morphological Features of Bacteria ........................................................ 17

Table 4. Characteristics of Major Bacteria ........................................................................... 18



xi

LIST OF FIGURES

Figure 1. Research Motivation & Contributing Factors .......................................................  5

Figure 2. Long Range Goal of Reserach...............................................................................  10

Figure 3. Research Area of Concentration............................................................................ 16

Figure 4. Sample Bacterial Decision Tree ............................................................................ 20

Figure 5. Flowchart of Decision Excel Process .................................................................... 21

Figure 6. Screenshot Gram Stain Excel Entry ...................................................................... 23

Figure 7. Screenshot Bacteroial Arrangement Excel Entry ................................................ .. 26

Figure 8. Screenshot Cilia Excel Entra ................................................................................ . 26

Figure 9. Screenshot Cilia Type Excel Entry....................................................................... . 26

Figure 10. Screenshot Lack of Flagella Excel Entry ........................................................... . 26

Figure 11. Screenshot of Bacterial Match in Excel ............................................................. . 26

Figure 12. Bertin's Visual Variables ..................................................................................... 28

Figure 13. Image Pixel & Filter Convolved Result 1 ........................................................... 30

Figure 14. Image Pixel & Filter Convolved Result 2 ...................................................... …. 31

Figure 15. Image Pixel & Filter Convolved Result 3 ........................................................... 31

Figure 16. Image Pixel & Filter Convolved Result 4 ........................................................... 31

Figure 17. Image Pixel & Filter Convolved Result 5 ........................................................... 32

Figure 18. Image Pixel & Filter Convolved Result 6 ........................................................... 32

Figure 19. Image Pixel & Filter Convolved Result 7 .......................................................... . 32

Figure 20. Image Pixel & Filter Convolved Result 8 .......................................................... . 33

Figure 21. Image Pixel & Filter Convolved Result 9 .......................................................... . 33



xii

Figure 22.Early CAPTCHA Text Example ......................................................................... . 35

Figure 23. Early reCAPTCHA Text Example ..................................................................... . 36

Figure 24. Image reCAPTCHA ........................................................................................... . 38

Figure 25. Common bacterial Shapes .................................................................................. . 41

Figure 26. Image Control reCAPTCHA Program .............................................................. .. 45

Figure 27. Image Invert Function ....................................................................................... .. 46

Figure 28. reCAPTCHA Color Adjustment Function ........................................................ .. 47

Figure 29. reCAPTCHA Shape & Arrangement Function .................................................. . 48

Figure 30. Edge Detection, Circular Bacteria (Cocci) ........................................................ .. 50

Figure 31. Edge Detection, Bacteria with Flagella .............................................................. . 51

Figure 32. reCAPTCHA with Discrete Spherical Virions………………………………….. 52

Figure 33. reCAPTCHA with Cluster of Spherical Virions…………………………………53

Figure 34. Bacteria in Field of Blood Cells………………………………………………….54

Figure 35. Deep Learning Performance Graph………………………………………………55

Figure 36. Bargraph, Survey / Test Results………………………………………………….57

Figure 37. Bacterial Challenge in reCAPTCHA Test………………………………………. 58

Figure 38. Unique Ebola Viral Structure…………………………………………………….59

Figure 39. Loss of Pathogen Identification With Lower Learning Function……………….. 59

Figure 40. Electrospray Collection of Viral Particles………………………………….…….64

Figure 41. Pathogen Air Sampler Essential Components Flowchart……………………….. 65

Figure 42. CAD Image of Ambient Electrospray Sampling System………………………...83

Figure 43. Electrospray System Developed under NASA Support………………………….84



1

CHAPTER 1: INTRODUCTION

Early efforts to predict the spread of disease have been traced back to the 14th century.

Most notable in historical epidemics is the Black Death, which engulfed Europe from 1347 to

1351, killing an estimated 200 million people. Attempts to predict the spread of disease have,

until recently, relied essentially on weather predictions coupled with the emergence of known

vectors of a given pathogen. New software developments have allowed computer models to

make use of predictive analysis of disease trends to help isolate the most likely path for disease

expansion. Data from hospitals and clinics, combined with key word search of social media and

air travel data add additional variables to the prediction process.

Mathematical models for epidemic spread were first employed in the early 20th century,

which separated susceptible individuals into groups, which relate to various stages of the

infectious disease. Such stages may include exposure to known vectors, infectious but not

symptomatic, symptomatic, and death. Transition from one group or compartment to another are

predicted using differential equations [1]. These deterministic models necessitate prior history of

the disease to yield useful prediction results [2]. The most common predictive model is known as

the SIR approach, which takes into consideration those individuals who are susceptible ‘S’ to a

specific disease, such as infants or the elderly, the quantity of those already infectious

represented as ‘I’, and the quantity of those in an exposed population that have recovered as ‘R’,

who have now developed immunity. The model, however, is not applicable in cases where

patients do not develop immunity, as in the case of influenza, and populations are continually at

risk for redeveloping the disease, hence the need for continual vaccine development based on

antigenic shift and antigenic drift. Antigenic shift is due to genetic mutation of a human flu virus

after human exposure to an animal viral species that also can affect humans. Antigenic drift is
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caused by random events that alter the viral structure, which require new immune system

adaptation for antibodies to recognize the new antigen sequence. Because of these changes in

many airborne infectious diseases, defining who has been exposed and the time of exposure that

defines the onset of the disease becomes ever more imperative if the transition rate to a given

population is to be predicted with any accuracy. Clearly, a means by which additional near real-

time genetic sequence information about airborne pathogen exposure to susceptible populations,

and the exposure magnitude to a target population, would yield improved disease onset

extrapolation, and help mitigate potential epidemic or pandemic events.

Air sampling in areas of congested human activity, such as airports, train and bus stations

would require potentially millions of bacterial and viral species to examine per unit time,

depending on the duty cycle and volume of samples taken. Aside from the challenges in

separating pathogens contained in aerosol droplets is the issue of dividing the pathogen challenge

into viral and bacterial groups for subsequent classification and identification. Chemical

identification and traditional clinical laboratory methods employing culture growth and

examination are not suited for the contemporary challenge of rapid high-volume pathogen

identification demanded by an airborne infectious disease monitoring system. Consequently,

alternatives must be sought. One such alternative is classifying and identifying potential

infectious agents through an examination of each species morphological characteristics. This

may be made possible by employing computer vision and convolutional deep learning (CDL).

CDL offers the ability to identify or minimize a filed of identification of multiple sample in a

given image field, using expert learning derived from human sources.

This study examines the use of a learning database input to a CDL derived from a crowd-sourced

modified Turing-based CAPTCHA approach. The term CAPTCHA is an acronym that stands for
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Completely Automated Public Turing test to tell Computers and Humans. Humans are very good

at identifying various patterns in an image field based on shape, size, texture, and orientation,

first articulated by Jaques Bertin [3]. Taking advantage of this ability, a modified CAPTCHA

was created using not words to identify or images to tell humans apart from computers, but using

images of microorganisms to be identified by humans in a noise filled background field to create

a database sufficient to allow deep neural network evolutionary development not previously

attainable.

Continuous aerosol image sampling combined with artifical intelligence computer vision,

with optional genetic sequencing of bacterial and viral species coupled to a predictive model,

would offer a vast improvement in epidemiological prediction of evolving disease. This includes

new strains of COVID, influenza or even a potential bioterror agent exposure to large

populations, mitigating the level of risk across those susceptible to a given pathogen threat.
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CHAPTER 2: RESEARCH SCOPE

2.1. Motivation and Research Question

The current COVID-19 pandemic makes clear the urgent need for early detection of potential

airborne pathogens that can result in localized epidemics or world pandemics. There are

substantial challenges to developing a biological airborne early warning system, which include

air sampling, distinguishing between bacteria and viruses, and the identification of the potentially

harmful microorganisms. Other issues include deciding where to place sample collectors, how

many collectors will be required, and the requirement of collecting enough analyte such that a

statistically relevant result on the presence of a given pathogen responsible for a local disease

outbreak can be achieved. These are some of the issues factored in to why an automated

Biowatch program by the U.S. Homeland Security failed shortly after 9/11. [4]

This dissertation is focused on one aspect of a possible pathogen air sampling system,

namely the ability of image analysis to help identify pathogen species based on the morphology

of the target species (Figure 1). For illustration purposes on the proposed process, bacterial

samples were the principal species reviewed due to the ease of acquisition using optical

microscopy, and variation in phenotype verses much smaller viral species, which necessitate

electron microscopy to be observed. However, the same principles are applicable to any airborne

infectious agent, whether a virus, bacteria, spore, or fungus. The research problem then is, how

do we identify and digitize morphological and other characteristics of airborne pathogens for

rapid identification?
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Motivation Behind the Research

Figure 1. Research motivation and contributing factors [5]

2.2 HYPOTHESIS

The hypothesis for the research is based on the assumption that airborne collection of

principally bacteria and viruses, and to a lesser extent spores and fungi, can be identified to a

single known species, or reduced to a handful of possible genus possibilities, based principally

on morphology. Trained microbiologists are capable of rapidly classifying microbes based on

size, shape, surface characteristics, and appendages. The human brain has a remarkable ability to

identify and classify objects based on physical characteristics [6], and based on this fact, if the

skill set of trained microbiologists can be applied to artificial learning systems, it would be

reasonable to expect that large data sets of multiple microorganisms could be similarly classified

and identified devoid of human fatigue factors. Intense human concentration is possible for

relatively short intervals [7]. Air sampling of suspected pathogens involves a profound number
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• Leverage select public data input for AI

• Add blockchain to data sharing
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of samples to examine. In one study, “bacteria and fungi concentrations of approximately 102 to

106 CFU (Colony Forming Units) m−3 and 102 to 103 spores m−3, respectively, are typical. Table

1 depicts the virus-to-bacteria ratio (VBR) for indoor environments averaged 0.9±0.1” [8].

Table 1. Airborne virus-like & bacteria (VLP & BLP) concentrations (mean ± standard deviation),
various environments [8]

Location VLP concentration A
particles/m3 (log10

transformed)B

BLP concentration A
particles/m3 (log10

transformed)B

Virus-to-
bacteria

ratio
Classroom 5.7±3.3x105(5.7±0.3) 6.5±3.4x105(5.8±0.3) 0.9
Daycare 4.5±2.0x105(5.6±0.2) 5.0±1.2x105(5.7±0.1) 0.9
Dining Facility 3.9±0.4x105(5.6±0.0) 43±0.8x105(5.6±0.1) 0.9
Health Center 2.9±2.3x105(5.2±0.7) 3.4±1.6x105(5.5±0.2) 0.4
House1 5.9±3.9x105(5.7±0.4) 5.6±2.7x105(5.7±0.2) 1.1
House2 5.2±1.5x105(5.7±0.1) 6.5±1.5x105(5.8±0.1) 0.8
House3 4.6±4.2x105(5.5±0.4) 6.8±5.6x105(5.7±0.4) 0.7
Office 4.9±2.5x105(5.6±0.3) 4.8±2.0x105(5.7±0.2) 1.0
Outdoors 1.2±0.7x106(6.0±0.3) 8.4±4.4x105(5.9±0.2) 1.4

AConcentrations based on three independent samples, corrected for the number of particles present on unexposed filters.
BMean and standard deviation of the log10-transformed data, or the geometric mean and geometric standard deviation.

Considering then that over 1 million possible bacterial and one million possible viral

samples require processing per cubic meter air sample, the amount of data processing obviously

demands some form of automated approach to species categorization and ultimate identification.

Past attempts for ambient pathogen monitoring

DHS Biowatch concept as presently employed by the U.S. government was intended as a

near real-time air sampling system designed to provide early warning of a possible bioterror

aerosol release. The system utilized commercial off the shelf (COTS) wet chemistry combined

with high speed aerosol separation techniques. [9]. The program was a failure due to throughput

limitations, the need for frequent consumable replenishment, and overall constant equipment
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downtime. Biowatch was later relegated to simple daily witness plate culture collection and

laboratory genetic analysis. [9].

Another approach for infectious disease monitoring is called epiDMS or epidemiological

Data Management System [10], is a software package that relies exclusively on the data input of

healthcare workers who have taken patient samples and identified a given airborne pathogen

through laboratory testing. The proposed nodal analysis does not rely exclusively on healthcare

worker input, but complements such data inputs to arrive at a more accurate prediction of

potential disease to spread in a given geographical populace. Furthermore, a cloud-based nodal

analysis of pathogens in public spaces such as airports, train and bus stations allows predictions

to be made regarding cities at risk based on travel destinations. Appearance of a disease in a new

city after human-host incubation can provide data, which can be used to truncate the source via

traveler bookings at an airport.

Table 2. State-of-the Art of Traditional Predictive Modeling vs. Direct Pathogen Air Sampling

Comparison of Epidemic Prediction System
TECHNOLOGY Public Space Monitoring Detection Under 1 Hour Stand

Alone
Low Cost
per node

AI Air Sampling YES YES YES YES
DHS Biowatch YES NO NO NO
epiDMS NO NO NO NO

The Importance of Detecting Viral Pathogens in Near Real Time in Public Areas

Computational software promise to help stem the spread of disease that can decimate

civilian populations, and incapacitate military forces. “Forecasts would be extremely helpful to

public health officials in containing infectious diseases, but it is really difficult. The science of

forecasting is a work in progress. It’s akin to trying to solve a jigsaw puzzle with some of the

pieces missing and a vague sketch of what the finished image should look like” (Bushey, 2016).
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Because of the time constant between when an individual becomes exposed and infected to an

airborne pathogen such as influenza, and when that individual becomes symptomatic may be

many days (1-4 day incubation period), vector transmission to other persons will likely have

occurred. Only a small fraction, generally the very young or the very old, in the early stages, will

end up in a hospital or clinic where positive identification of the virus has been obtained and is

available as a statistic. The ability to monitor the level of viral or bacterial load in a local

population outside of the hospital or clinic setting, coupled with an ability to know precisely

what the virus genome sequence, would advance the state-of-the-art in epidemic predictive

capability substantially. We believe we may be able to achieve this goal through the merging of

several well-established technologies and the combination of new developments in artificial

intelligence to be described.

The need for near real time atmospheric pathogen sampling

Influenza, as well as many bacterial agents, can survive for hours as an airborne species.

Because droplets from a cough or sneeze encapsulate many visions, the probability for disease

transmission in congested public areas is very high. In general, particles that are extremely small

(< 5 microns) can remain airborne for many hours and the smaller the particulate, the longer the

residence time. As virions move through the air, evaporation of water (90% water, 0.5-5%

mucous) causes the droplet to become smaller and thus more mobile. Residence time is further

enhanced by humidity and the lack of direct sunlight. The research lab of Dr. Lydia Bourouiba at

MIT has investigated the fluid dynamics of disease transmission, and has determined

experimentally that cough ejecta and sneeze cloud duration of typically approximately 250
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milliseconds, can literally shoot across a room in a matter of seconds, 200 times farther than

previously thought [11].

Given the high airborne viral load that exists in congested public spaces, it would seem

natural to seek out such locations to place a viral air sampler that can provide real time indication

of ambient viral species. The goal of such a sampler would be to capture trace species indicative

of viral agents, concentrate such species to a level of at least 200 nanograms or better, and

subject the viral species to continuous genomic sequencing. The viral concentration and

sequence data ideally could then be uploaded to the cloud, for deterministic computer modeling

(where successive operations are based on the previous state) that merges the data with other

variables previously described, such as PAHO (Pan American Health Organization), weather,

and social media input variables. The added advantage of the sequencing functionality is that

emergent strains can be revealed in an almost near real-time fashion even before a patient-vector

becomes symptomatic. An added benefit is that many patients who are symptomatic may never

seek professional medical attention, and thus never end up as a PAHO data point. The ultimate

goal of the present research, is to augment the development of a combined system that integrates

multiple data sources that, when uploaded to the cloud and shared amongst many agencies both

domestically and abroad, can provide for improved infectious disease predictive capabilities.

Some of these other data sources may include pathogen genome information, clinic and hospital

pathology statistics on a suspected airborne agent release, military, homeland security, and even

social media data points can be part of the information matrix.
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2.3 Long Range Goal – Integrated Airborne Infectious Disease Monitoring System

The Cloud

Distributed Air 
Sampling Nodes

Center for Disease 
ControlHospitals

Social MediaClinics

World Health 
OrganizationHomeland Security

Department of 
Defense

Figure 2. Long range goal of research in intended application

A distribution of automated pathogen air samplers worldwide could contribute to a Cloud

blockchain of vast epidemiological data, not the least of which could be morphological

information of viral and bacterial species for identifying and tracking local evolution of airborne

vectored disease.



11

CHAPTER 3: LITERATURE REVIEW

The literature review revealed the fact that the interest in using artificial intelligence to

identify microorganisms is in the early stages, but accelerating. A survey was conduct in 2014 on

bacterial identification using microscopic morphology [12]. In this survey, the specified need for

automation in microorganism identification was due to an emerging shortage of skilled

laboratory personnel to screen pathology samples, rather than screening continuous air samples

for pathogens. The survey describes various image segmentation methods, but does not offer a

means for crowd-sourced deep learning, which is the principal objective of this dissertation.

The applications of AI in clinical microbiology is discussed for gram stain assessment,

ova and parasite evaluation, digital culture plate review [13], which is a continuation of

applications rather than actual process methods to accomplish the target tasks. Smith et al does

not offer any means on how to improve learning systems for microbiological AI. The literature

review also discusses the new for clinical scientists training to participate in changes where AI is

introduced into clinical laboratory settings [14].

An important revelation during the literature review was the use of deep neural networks

holds great promise for analyzing complex biomedical images, “but is hampered by a lack of

large verified data sets for rapid network evolution” [15]. As a result, it has been proposed that

“mimicry embedding” of simulated pathogen data sets be employed in lieu of actual real-world

datasets [15]. The lack of actual verified datasets is the very essence of informational deficit that

the research conducted in this dissertation seeks to fulfill.
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Deep learning for bacterial, viral, or more general pathogen identification review of

available literature indicates the consensus that AI and deep learning in particular, will have a

major impact on microbiology. “The application of deep learning in microbiology has still not

reached its full potential. To tackle the challenges faced by human-operated microscopy… deep-

learning-based methods have been proposed for microscopic image analysis of a wide range of

microorganisms, including viruses, bacteria, fungi, and parasites” [16]. As in prior citations, the

need to address learning model datasets is not resolved as proposed by the present research.

Other applications of deep learning to microbiological identification concentrate not on

the morphological characteristics of the target species, but on optical inelastic light scattering in

the form of Raman spectroscopy [17]. The signal-to-noise ratio inherent in Raman scattering

makes signal identification difficult. In “Rapid identification of pathogenic bacteria using Raman

spectroscopy and deep learning” [17], the use of deep learning was applied to enhance the

recovery of weak signals from target bacteria. No mention was made regarding the use of optical

image data other than the laser fluorescence being applied.

In yet other recent applications in the literature regarding the application of deep learning

for pathogen identification, metagenomic analysis is the focus of artificial intelligence. For

example, “rRNA sequencing, and some bioinformatics methods (have been) developed for the

analysis of metagenomic data” for the purpose of classifying target bacteria [18]. This approach

does not make use of the morphological characteristics of the bacteria being examined, however.

The literature review revealed a successful identification of 19 types of bacteria using a

tomographic technique whereby a classification accuracy of 95% was achieved using a

convolutional neural network [19]. The process, while illustrative of the power of deep learning,

necessitates many hours of 3-dimensional mapping of each subject bacterial sample, which is not
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practical for a high throughput ambient airborne pathogen sampler with a crowded image filed of

many hundreds, if not thousands, of samples per unit area.

In still another example from the literature, the utility of microbiological identification

based on AI convolutional image analysis is described by Zielinski et al where an existing library

of images was employed for learning comparison. This library, known as the “DIBaS dataset

(Digital Image of Bacterial Species) contains 660 images with 33 different genera and species of

bacteria” [20]. The database would need to be vastly expanded to include multiple pathogen

perspective samples and real-world unoptimized images to be applied to a near real-time ambient

air sampling system. The research described in this dissertation would offer to address that data

requirement for evolution of a convolutional neural network.

The literature review pertaining to this study did not reveal any references to an Alan

Turing-like CAPTCHA for pathogen dataset generation required for a viral or microbial deep

learning computer vision system.

Present methods of infectious disease identification still rely on proven yet time

consuming (as in many hours or days) culture plate processes. Alternatively, genetic sequencing

that relies on incubating samples in the lab in preparation for genetic amplification (PCR or

Polymerase Chain Reaction) and subsequent sequencing, which can similarly take upwards of a

day or more to complete. A faster approach as proposed herein, could have a significant benefit

in reducing the spread of a disease, and even help in narrowing the identification of patient zero,

the source of a communicable disease. The review covering the decision process for both

naturally occurring infectious diseases and for deliberate events relating to terrorist biowarfare

pathogen release left the identification of a given pathogen in the hands of a clinic or hospital.

The time constant by which patent admission, examination, sample collection, culturing, and
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genetic or other identification of the infectious agent, ranged from hours to days after exposure.

In each instance, the exposure to susceptible populations cannot be ascertained with any degree

of accuracy. Epidemiological data management systems (epiDMS) are increasingly being

utilized to help predict the next epidemic spread. However, to be effective, real time data is

necessary. In epiDMS, “the data, models, and underlying model parameters dynamically evolve

over time. This necessitates continuous analyses and interpretations of the incoming data and

adaptation of the networks and models. Therefore, simulation ensembles may need to be

continuously revised and refined as the situation on the ground changes” [21]. With epiDMS,

healthcare providers provide the input data across the region of suspected infection. The

modeling software does not by itself collect any pathogen data nor does it develop dynamic

sequencing of a particular airborne pathogen. “Once the query is executed and the relevant

simulations are identified, epiDMS then organizes the results in the form of a navigable

hierarchy, based on the temporal dynamics of the disease: scenarios that result in similar patterns

are grouped under the same branch, while simulations that show key differences in disease

development are placed under different branches of the navigation hierarchy. The user can then

navigate on this hierarchy using drill-down and roll-up operations and filter sets of simulations

for further analysis” [21].

Many references refer to surveillance systems, but do not articulate exactly what those

surveillance systems are, other than relying on hospitals and clinics to define what is and is not a

verified outbreak of the target infectious agent. Because of the limited amount of available data

in predictive models, some scholars have suggested the use of Partially Observable Markov

Decision Processes (POMDPs) to anticipate a disease outbreak [22].
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The same situation of limited real time input data exists for bioterror predictive analysis.

The assumption in this case is that disease will spread rapidly, in order to become as much a tool

mass disruption as it would be a tool of mass destruction. Accordingly, inputs from medical care

facilities, work absenteeism, and social media are currently the primary data sources for existing

mathematical models. The goal of the Department of Homeland Security’s ‘BioWatch’ was to

have an automated system that continuously samples the air in an effort to add a new near real

time dimension to the aforementioned input variables, however all attempts at an automated

Biowatch have met with failure. The equipment required for an airborne sample capture and

subsequent processing were the key factors in DHS’s Biowatch failure. At present, Biowatch

consists of rooftop ‘witness plate’ air samples that are cultured and sequenced daily and brought

to a laboratory for information on new and emerging disease. The process is cumbersome, hardly

real time, and fraught with errors.



16

CHAPTER 4: RESEARCH PROCESS

Regardless of how the airborne bacterial pathogen has been acquired, the use of suitable optical

microscopy (preferably epiflourescence) will yield a image filed that contains the target bacterial

species and some background of artifacts we are not interested in. These artifacts may be

particulate debris or electronic noise from the imaging system. The challenge for machine vision

then is to be able to parse out the bacterial species in sufficient resolution such that identifying

characteristics can be discerned such that species classification may be achieved. The research

presented herein is concentrated on improving the pathogen identification process.

Figure 3. Research area of concentration

Machine vision vs. computer vision

Machine vision refers to an imaging system, such as a CCD or Charge Coupled Device, whereas

computer vision implies the use of software in the form of an algorithm or algorithms that

“process and interpret the image, before instructing other components in the system to act upon

that data.” [23]. Computer vision employs algorithms that constitute when is commonly referred
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to as artificial intelligence or AI to “to process and understand visual data; automating the type of

tasks the human eye can do.” [24] In order for AI to process and classify images that constitute a

field containing bacteria, spores, fungi, or viruses, defining morphological characteristics for

each type of potentially pathogenic species needs to identified. For the best bacterial

identification, the following features or arrangements are observed (Table 3):

Table 3. Principal morphological features of bacteria

Term Definition

Bacillus A rod shaped bacterium

Capsule A round cylindrical container

Cilia Fine hair-like features that help propel bacteria in a fluid

Cocci Spherical shape

Coccobacillus Shape intermediate between cocci and bacilli.

Flagella Long thread-like structure used to propel bacteria in a fluid

Gram Stain Chemical stain process to reveal if bacteria has thick or thin cell wall

Mono Single species, as in monomorphic bacteria

Pleo As in pleomorphisim, where species may exist in irregular, round, etc

Staph Staphylococcus bacteria

Strep Streptococcus bacteria

A decision matrix for categorizing defining pathogen features shown in Table 4 was created in

Microsoft Excel, Microsoft Office Professional Plus 2016.



18

Table 4. List of Pathogen Characteristics of Airborne Bacterial Species [48]

Bacterial Name Gram Stain Capsule
Presence

Shape Arrangement Flagella or Cilia Type Cilia Type of Flagella

 Acinetobacter baumannii  Negative  Capsule  Bacillus  Mono  Cilia  Type IV Pili  N/A
 Actinomyces israelii  Positive  No Capsule  Bacillus  Staph  None  N/A  N/A
 Alcaligenes faecalis  Negative  Capsule  Bacillus  Mono  Flagella  N/A  Peritrichious
 Alloiococcus otitidis  Positive  Capsule  Bacillus  Pleo  None  N/A  N/A
 Bacillus anthracis  Positive  Capsule  Bacillus  Strep  None  N/A  N/A
 Bacillus cereus  Positive  No Capsule  Bacillus  Strep  Flagella  N/A  Peritrichious
 Bacillus subtilis  Positive  Capsule  Bacillus  Strep  Flagella  N/A  Peritrichious
 Bacillus thuringiensis  Positive  Capsule  Bacillus  Strep  Flagella  N/A  Peritrichious
 Bordetella pertussis  Negative  Capsule  Coccobacillus  Mono  None  N/A  N/A
 Burkholderia cepacia  Negative  Capsule  Bacillus  Mono  Flagella  N/A  Monotrichious
 Burkholderia mallei  Negative  Capsule  Coccobacillus  Pleo  None  N/A  N/A
 Cardiobacterium hominis  Negative  No Capsule  Bacillus  Pleo  None  N/A  N/A
 Chlamydia pneumoniae  Negative  No Capsule  Bacillus  Pleo  None  N/A  N/A
 Chlamydia psittaci  Negative  No Capsule  Coccus  Pleo  None  N/A  N/A
 Clostridium tetani  Positive  No Capsule  Bacillus  Mono  Flagella  N/A  Peritrichious
 Corynebacteria  diphtheriae  Positive  No Capsule  Bacillus  Pleo  None  N/A  N/A
 Coxiella burnetii  Negative  No Capsule  Coccobacillus  Mono  None  N/A  N/A
 Eikenella corrodens  Negative  No Capsule  Bacillus  Mono  None  N/A  N/A
 Enterobacter cloacae  Negative  No Capsule  Bacillus  Pleo  Flagella  N/A  Peritrichious
 Enterococcus faecalis  Positive  Capsule  Coccus  Strep  None  N/A  N/A
 Francisella tularensis  Negative  Capsule Coccobacillus  Mono  None  N/A  N/A
 Haemophilus influenzae  Negative  Capsule  Coccobacillus  Pleo  None  N/A  N/A
 Klebsiella pneumoniae  Negative  Capsule  Bacillus  Mono  None  N/A  N/A
 Kocuria rosea  Positive  Capsule  Coccus  Pleo  None  N/A  N/A
 Legionella pneumophila  Negative  No Capsule  Bacillus  Pleo  Flagella  N/A  Monotrichious
 Micrococcus luteus  Positive  No Capsule  Coccus  Pleo  None  N/A  N/A
 Micrococcus roseus  Positive  No Capsule  Coccus  Tetrad  None  N/A  N/A
 Moraxella catarrhalis  Negative  No Capsule  Coccus  Diplo  None  N/A  N/A
 Moraxella lacunata  Negative  No Capsule  Bacillus  Diplo  None  N/A  N/A
 Mycobacterium avium  Positive  Capsule  Bacillus  Pleo  None  N/A  N/A
 Neisseria gonorrhoeae  Negative  No Capsule  Coccus  Diplo  Cilia  Type IV Pili  N/A
 Neisseria meningitidis  Negative  Capsule  Coccus  Diplo  Cilia  Type IV Pili  N/A
 Pseudomonas aeruginosa  Negative  Capsule  Bacillus  Mono  Both  Type IV Pili  Lophotrichious
 Serratia marcescens  Negative  Capsule  Bacillus  Mono  Flagella  N/A  Peritrichious
 Staphylococcus aureus  Positive  No Capsule  Coccus  Pleo  None  N/A  N/A
 Staphylococcus  Positive  Capsule  Coccus  Staph  None  N/A  N/A
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 epidermidis
 Staphylococcus
 saprophyticus

 Positive  Capsule  Coccus  Staph  None  N/A  N/A

 Streptococcus gordoni  Positive  Capsule  Coccus  Strep  None  N/A  N/A
 Streptococcus
 pneumoniae

 Positive  Capsule  Coccus  Strep  None  N/A  N/A

 Streptococcus pyogenes  Positive  Capsule  Coccus  Strep  None  N/A  N/A
 Yersinia pestis  Negative  Capsule Coccobacillus  Mono  None  N/A  N/A

A flowchart process was developed in MS Excel based on the preceding table where the presence or absence of key features of

bacteria reduce the number of potential candidate identifications. Aside from a gram stain, a method used to classify the thickness of a

bacterial cell wall, all other features in the decision tree depend on outward physical characteristics of the bacteria under examination.

Figure 4. Sample decision tree for identifying unknown bacteria
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Figure 5. The decision matrix Excel lookup table [25]

Selection Process

The user begins a broad search, and select morphological characteristics to truncate

progressively specific pathogen possibilities. 8 categories are placed in a logical order:
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• 1. Gram Stain – a very broad category with only 2 options, Negative and Positive

• 2. Presence or Absence of Capsule  - very broad with only 2 options, Present or Absent

• 3. Shape – becomes less broad with 5 options – Coccus, Bacillus, Coccobacillus, Spiral,

and Filamentous

• 4. Arrangement - more specific with 6 options – Mono, Staph, Pleo, Strep, Tetrad,  Diplo

• 5. Flagella or Cilia - broad category that has only 4 options – Flagella, Cilia, Both, None.

If this category is labeled as “None”, and the precious 4 categories match, then the diagram

directs it to the results section and has nothing to do with the next 2 categories. This may

transpire if there is no Flagella or Cilia in the first place then there is nothing to choose from in

the next 2 categories. 

• 6. Type of Cilia -  Currently 2 options for type of Cilia – Type IV Pili and N/A

• 7. Type of Flagella - 4 options – Peritrichious, Monotrichious, Lophotrichious, and N/A 

• Option only works if “Flagella” is selected in the Flagella or Cilia Column 

Explanation of IF Statements 

• IF Statements are one key function of the decision statements. They allow decisions to be

made based on provided criteria while deciding the flow of the program 

• The IF Statement provides one value if the generated statement is true and another value

if the statement is false 

• The syntax of an IF Statement is

            = IF (logical_test, [value_if_true],[value_if_false]) 

The user can nest the words AND and OR into IF Statements for improved accuracy
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Drop downs [25]

Key bacterial data was used to generate drop down menus. These drop down menus are essential

to efficiently using the IF Statements. The drop down menus allow one choice from each of the 7

categories to then provide a specific microorganism name or tag that correlates with each

category.  If “None” is selected in the Flagella and Cilia column, yielding the last drop down

menu that is selected. A special drop down is Type of Cilia. This column is configured to include

an option for Sex Pili. (Though not currently listed in the decision matrix, it is a future option). 

Another special future optional drop down is Arrangement, such as Spiral or Filamentous 

Example

IF Statements from left to right for Acinetobacter Baumannii

• Cell Wall  =IF(B4=$B$1,"MATCH","_")

• Description:  IF B4 (Negative) is equal to $B$1 (Could be either Positive or

Negative), then return MATCH, otherwise return _. 

• In this example case, one chooses “Negative” so MATCH is displayed 

Figure 6. Screenshot of selection of cell wall thickness (gram Stain)

• Presence of Absence of Capsule

=IF(AND(C4="MATCH",D4=$D$1),"MATCH","_")
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• Description: IF C4 (MATCH) = “MATCH”, AND D4 (Capsule) equals $D$1

(Could be either Capsule or No Capsule), then return MATCH, otherwise return

• In this case one would choose “Capsule” so MATCH is displayed 

• Shape =IF(AND(E4="MATCH",F4=$F$1),"MATCH","_")

• Description: IF E4 (MATCH) = “MATCH” AND F4 (Bacillus equals $F$1

(Could be Coccus, Bacillus, Coccobacillus, Spiral, or Filamentous), then return

MATCH, otherwise return _.

• In this case we chose “Bacillus” so MATCH is displayed

• Arrangement

=IF(AND(G4="MATCH",H4=$H$1),"MATCH",IF(AND(G4="MATCH",H4="Pl

eo"),"MATCH","_"))

• Description: IF G4 (MATCH) = “MATCH” AND H4 (Mono) equals $H$1

(Mono, Staph, Pleo, Strep, Tetrad, or Diplo), then return MATCH, otherwise see

IF G4 (MATCH) = “MATCH” AND H4 (Mono) = “Pleo”, then return MATCH,

otherwise return _. 

The reason this includes the section about “Pleo” is because Pleo means it could be 2 or more of

the arrangements so all Pleos need to be included if their shape is a Match no matter what is

selected from the Arrangement drop down menu (Figure 7).

• Flagella or Cilia =IF(AND(I4="MATCH",J4=$J$1),"MATCH","_")

• Description: IF I4 (MATCH) = “MATCH”, AND J4 (Cilia) equals $J$1 (Could be

Flagella, Cilia, or None), then return MATCH, otherwise return _.

In this case, one would choose “Cilia”, so a MATCH is displayed (Figure 8).
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• Type of Cilia =IF(AND(M4="MATCH",N4=$N$1),"MATCH","_")

• Description: IF M4 (MATCH) = “MATCH”, AND N4 (Type IV Pili) equals

$N$1 (Could be either N/A or Type IV Pili), then return MATCH, otherwise

return _.

• In this case one would choose “Type IV Pili” so MATCH is displayed

(Figure 9).

• Type of Flagella =IF(AND(K4="MATCH",N4=$N$1),"MATCH","_")

• Description: IF K4 (MATCH) = “MATCH”, AND N4 (Type IV Pili) equals $N$1

(Could be Peritrichious, Monotrichious, Lophotrichious, or N/A), then return

MATCH, otherwise return _.

• In this event, one could have chosen any of the option and it would not

matter because this species has Cilia and not Flagella (Figure 10).

=IF(or(O4="match",M4="Match"),A4,IF(and(K4="MATCH",J4="None",J4=$

J$1),A4,""))

• Description: IF O4 ( _ ) = “MATCH” AND M4 (MATCH) equals “MATCH”

then return A4 (Acinetobacter baumannii), otherwise see IF K4 (MATCH) =

“MATCH”, AND J4 (Cilia) = “None”, AND J4 (Cilia) = $J$1 (Could be

Flagella, Cilia, None, or Both), then return A4 (Acinetobacter baumannii),

otherwise return one of the remaining options. In this case O4 is MATCH so

the result is A4 (Acinetobacter baumannii) (Figure 11).
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Figure 7. Screen shot of arrangement selection

Figure 8. Screenshot of the selection of Cilia on bacterial sample

Figure 9. Screenshot of type of Cilia selection

Figure 10. Screenshot of lack of Flagella

Figure 11. Screenshot of bacterial identification match
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The foregoing example of a typical decision matrix for classifying and identifying bacteria, is

entirely dependent upon user inputs to provide drop downs for each node in order to narrow the

possible results. A skilled microbiologist can do this, because they can visually identify all the

key morphological features based on training and experience. In addition, it is to be assumed that

the image filed the user is examining provides sufficient resolution and/or perspective such that

the desired morphological features can be derived. In a real world environment, many

morphological features of target pathogens are not so visible, and details need to be enhanced or

interpreted from a given image field. This may necessitate the user to adjust image brightness,

contrast, or color saturation to help with the identification. The problem becomes more difficult

if the image field contains hundreds or thousands of pathogen examples that need to be

identified, thereby exceeding any form of real time or near real time human capacity for species

identification.

4.1 Data Plan and Expected Outcomes

The research study objective is to offer a new way to apply expert human user's ability and

knowledge to leverage deep learning through the application of examples by which human

operators could indirectly “teach” a neural network to identify pathogens based on key

morphological characteristics. The process by which this would be accomplished is based on

deep learning and more specifically, convolutional deep learning. The data plan involved

creating a series of bacterial or viral images in a noise filled segmented field, and sending the

image arrangement to expert users, namely microbiologists, with the instruction to select from

the field all images which correspond to a request to find all viruses or bacteria, as the case may

be. It was expected that despite the complex image field background, trained users would be able

to properly select the images containing the desired pathogen more often than mere chance
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would allow. Based on the shape, context, and morphological features, the correct selection was

between 73% and 95%, demonstrating the potential for users human operators to provide image

training data from automated learning systems.

4.2 Bertin’s Visual Variables

The processing of visual images necessitates the identification of specific details in the

image that permit classification and identification. In humans, these key factors were first

described by Jaques Bertin [26], Figure 12. They include the size, shape, position, orientation,

texture, hue, and possible target associative properties or specialized order.

These features can be very useful in identifying potential pathogens. For example, most

viruses will have a size most likely under 40 nanometers in size, whereas many bacteria will be a

few micrometers across. [27]. Bacteria and viruses have unique shapes with unique surface

texture features. Bacteria tend to group themselves together. All of these factors can be used as

input features in a computer vision system. However, before we can apply these classification

details, a brief introduction to computer vision is in order.

Figure 12. Bertin’s Visual Variables [28]
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4.3 Computer Vision

Computer vision systems use filters (also called “kernals”) that can be thought of as a mask

to which an input image to be identified is compared to the filter mask. If enough pixels match,

the probability of a match increases. With typical neural networks, the input is modified or

transformed by passing through several hidden layers which are coupled to the input layer, where

all the neurons are connected to each layer that precedes it. A Convolutional Neural Network

(CNN) allows the neuron connections to be dynamic in that different features of an image may

be analyzed by different layers. The review may begin as a coarse image, and finer details

revealed after passing through subsequent hidden layers. CNNs unlike conventional neural

networks, are generally arranged in three dimensions, these being height, width, and depth. The

latter dimension is actually in reference to image color, which is reduced to a red, green or blue

value).

One of the best features about CNNs, aside from their ability to classify and identify images

with great accuracy, is the fact that “instead of trying to specify what every one of the image

categories of interest look like directly in code, they provide the computer with many examples

of each image class and then develop learning algorithms that look at these examples and learn

about the visual appearance of each class [29].”  In essence, the code writes itself.

4.4 Convolutional Neural Networks and Deep learning

The intent for the image dataset is for application to a convolutional neural network. A

convolutional neural network (CNN) is a form of deep learning is a form of artificial intelligence

where a computer algorithm adapts or “learns” directly from input data, obviating manual feature

extraction [30].
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“Using CNNs for deep learning is popular due to three important factors:

• CNNs eliminate the need for manual feature extraction - the features are learned directly

• CNNs produce highly accurate recognition results.

• CNNs can be retrained for new recognition tasks, building on pre-existing networks” [31]

The result not only is more accurate than basic automated processes, but which helps

mimic the pattern recognition ability of the human mind, resulting in the ability to handle more

varied and complicated inputs. Deep learning is an evolution of machine learning. Machine

learning mimics human ability, whereas deep learning allows a system to improve without direct

operator intervention.

An important consideration when using CNNs is the filter or kernal size, and how many filters

we can use. (Other aspects are used which are not considered here, is called ‘stride’ or the jump

size or movement of the filter, and “padding”, used to maintain spatial size of the image).

Convolution operation example with 3 x 3 filter example

Image Convolved Result

Figure 13. Example of image pixel and filter yielding a convolved result [31]
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Figure 14. Filter scanning across first pixel row [31]

Figure 15. Filter scanning completing  first pixel row [31]

Figure 16. Filter scanning starting second pixel row [31]
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Figure 17. Filter scanning completing middle second pixel row [31]

Figure 18. Filter scanning completing second pixel row [31]

Figure 19. Filter scanning final pixel row [31]
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Figure 20. Filter scanning completing middle final pixel row [31]

Figure 21. Filter scanning completing final pixel row [31]
Convolved result shown on the right showing weights of matching image data

In the simplistic preceding example Figures 13 through 21, there needs to be a reference

pixel matrix by which to compare to an input image for a neural network to “learn” to classify

and then identify a target input image against a noise background. The objective of the research

is to provide those reference inputs necessary for a convolutional neural network to generate the

code capable of identifying bacteria and viruses in near real-time..
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4.5 Biological reCAPTCHA or b-CAPTCHA

During initial image analysis of airborne bacterial samples by microscopy, it became

clear that most samples were not in perfect focus, or had physical features such as cilia or

flagella that were partially in focus, complicating the ability of automated identification. In

contrast, a skilled human microbiologist is able to discriminate between bacteriological images

with relative ease despite some minor image deficiencies. The question then arose as to whether

a program can be taught to learn to identify bacteria similarly to how a human operator would. A

possible solution became apparent whilst conducting Internet searches and navigating cyber

security gateways.

At first glance, it might appear that cyber security has no association with the visual

identification of bacteria.  Indeed, the two are not related. However, upon closer examination, it

is possible to establish a common denominator between cyber security and the visual

identification of microorganisms in that they both employ differences between human verses

machine operators. For example, an automation system performs a function or task repetitively

according to preset hardwired or fixed software instructions. Humans can interpret and make a

decision on a process based on intuition and experience.

With the advent of present cyber security, there is a wish to circumvent web access to

capitalize on unsuspecting users. Typically, access to a secure website requires a “CAPTCHA”

identification challenge. The CAPTCHA initially began as an image that displays multiple

distorted words or numbers. The goal of the CAPTCHA then is to allow the website to verify

that the source of entered information comes from a human and not a software program or “bot”.

“A bot (short for "robot") is an automated program that runs over the Internet. Some bots run

automatically, while others only execute commands when they receive specific input. There are
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many different types of bots, but some common examples include web crawlers, chat room bots,

and malicious bots.” [32]. The term CAPTCHA is an acronym that stands for Completely

Automated Public Turing test to tell Computers and Humans Apart .

Mathematician Alan Turing had previously noted that computers would someday become

sufficiently intelligent to be capable of deceiving humans believing that a computer is a human

[33].  In a proposed scenario suggested by Turing, three people, a man (A), a woman (B) and an

interrogator (C) who may be of either sex, and placed in a room apart from “A” and “B”, Turing

supposed that a sufficiently well programmed computer taking the place of either “A” or “B”,

could deceive the interrogator in deducing their gender [33].

The underlying theory behind the CAPTCHA is that humans are very good at discerning

patterns and optical character recognition, while contemporary computers are not as capable as

humans in analyzing these features are. If a website page displays two known words that are

visually distorted, a human would have an easier time deciphering he words than would a

computer, or more specifically, an optical character recognition (OCR) program. Figure 22

illustrates an early version of a CAPTCHA icon. This CAPTCHA shows two known words that

are purposely distorted to complicate word deciphering by computer or bot although relatively

easy for a human.

Figure 22. CAPTCHA text example [34]

Type the two words:

Viral  pathogen
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In figure 22, the two distorted words that must be typed into the textbox are “viral” and

“pathogen”. Once the two correct words are identified and typed into the text box, the website

grants access to the user because the probability of the user being a bot is extremely low.

Given the initial success of CAPTCHA and due to the significant number of websites

throughout the world utilizing CAPTCHA’s, a secondary use was realized. Instead of using two

known words that have been purposely distorted, one known word will be randomly generated

and purposely distorted and a second word or number (also purposely distorted) will be shown

from an optical character recognition system that failed to discern the word or number. The

significance of this approach is that there is an estimated 100 million CAPTCHA’s utilized each

day, so if the people solving the CAPTCHA could be put to work in decoding the word or

number that an OCR program failed to recognize, the OCR program could be fine tuned to

perform better [35].

This next generation CAPTCHA in use at present is called “reCAPTCHA”, where a

human is being unwittingly put to work determining what the correct word or number an optical

character recognition system failed to identify. The following figure 23 illustrates two commonly

encountered reCAPTCHA icons typically found on many websites ("reCAPTCHA Help," 2020).

Figure 23. reCAPTCHA test example [36]

When an individual presented with a reCAPTCHA challenge types in what they believe

the two words are, one of the words is a known control word randomly generated by the website

Type the two words: Type the two words:



37

program, while the other word or number is the unknown that a previous OCR program failed to

recognize. The order or the two words or numbers are randomly chosen by the website and both

of the words or numbers are purposely distorted in a similar manner, so the user cannot simply

guess at which is the control and which the unknown is.

The reCAPTCHA relies on the fact that if the user can properly identify the purposely-

distorted known control word or number, then the probability is high that they can also decipher

the purposely-distorted unknown word or number. In this way, thousands of books and papers

that were scanned using optical character recognition can benefit from the hundred million or so

reCAPTCHA web users each day.

Because the purpose is to identify the unknown word or number, the reCAPTCHA

servers will use the same unknown word or number several times. If the same response is

reported from three separate users, the unknown word or number will be stored as a successfully

identified word or number and will then be included into the control database. Some may ask, if

an OCR program could not identify the unknown word, so why purposely distort it? The answer

is so that the user will not be able to distinguish between the control word and the unknown

word.

In addition to identifying words or numbers that optical character programs have

difficulty with, the reCAPTCHA can also be used to identify images or portions of images that

contain specific visual information, such as specific shapes, specific colors, specific objects, etc.

The reCAPTCHA in Figure 24 below shows nine different images of streets and sidewalks. The

reCAPTCHA is setup to challenge the user to correctly identify all the images that contain fire

hydrants.
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Figure 24. Image of common reCAPTCHA v2

Some of the nine images in the randomly created reCAPTCHA are control images that are

known to contain fire hydrants. Some of the nine images are also known to NOT contain fire

hydrants and are also used as a control because it could be that a computer program might – by

chance – randomly choose just the control images containing fire hydrants. If the computer

program also randomly chooses a control image known NOT to contain a fire hydrant, the user

will be denied.

The theory is that if the user correctly determines all the known images containing fire

hydrants, then when the user selects the images that have previously not been analyzed, there

will be a high probability that those images can be marked as containing images of fire hydrants.
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When this information is saved, it could be used for refining an artificial intelligence programs

ability to analyze images, or the newly marked images can be used in a future reCAPTCHA test.

Consequently, the reCAPTCHA service is used to help digitize books, texts and other

non-digital documents by enlisting humans to help identify words or numbers that OCR

programs failed to identify. Companies such as Google with its’ ‘Google Book Project’ [37], and

non-profits such as the internet archive, seek to preserve human knowledge in a digital form.

After a paper document is photographically scanned and digitized, it is processed by optical

character recognition software.

However, as good as OCR programs are, they are not perfect, so they cannot correctly

identify 100% of the content. Some of the documents are aged and thus have yellowing pages

and faded ink or wrinkles in the page or some other blemish or physical damage resulting from

anywhere from as low as 1% to as much as 20% of the content unrecognized by the OCR

program.

Human transcribers are much more accurate than OCR programs, but are also much

slower and more expensive to implement. The reCAPTCHA service puts everyone who has ever

answered a reCAPTCHA to work by helping identify a word or number that an optical character

recognition program failed to recognize. Trained microbiologists, and by extension, virologists,

should be able to similarly leverage their skill in pathogen identification to images presented for

pathogen discrimination. In the same way that Google has been using users to identify and

categorize images with reCAPTCHA; it is therefore proposed that a similar biological

reCAPTCHA that can be used to correctly identify pathogens in images based upon their

morphology. Initially this new biological reCAPTCHA will be used to correctly identify various

pathogens and this information will be utilized by artificial intelligence (AI) to assist in the AI
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learning to identify unknown pathogens without user intervention. The biological reCAPTCHA

will hereafter be designated “b-CAPTCHA”.

biological

Completely

Automated

Public

Turing test to tell

Characteristics and

Heterogeneity

Apart

When bacteria are viewed under a sufficiently powerful microscope, they can be separated or

grouped into several shapes. Although there are several different shapes of bacteria, the majority

of bacteria fall into seven main shapes [38].

• BACILLUS

• COCCUS

• COCCUBACILLUS

• SPIRAL

• BOX

• STAR

• FILAMENTOUS

• MIXED

• AMORPHOUS
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Along with the basic shapes, bacteria also have the additional aspect of arrangement, where the

bacteria can be single, paired, clustered or in long chains, as outlined in Figure 7 [38]. So far as

the arrangement is concerned, it may be –

• MONO

• DIPLO

• TETRAD

• STAPHLO

• STREPTO

• PLEOMORPHIC

Figure 25 illustrates the grouping of the shape and arrangement of bacteria commonly

encountered in the field, which a learning AI system will have to sort through for identification.

Figure 25. Common Bacterial Shapes [38]

Instead of distinguishing computers and humans apart, we propose that the b-CAPTCHA will

distinguish different characteristics and heterogeneity of bacteria. In this concept, select

individuals with microbiology training are sent images of unknown or partially known species to

endeavor to pin down the main characteristics of the biological samples in the digitized

microscope image.
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As in reCAPTCHA, the microscope images of pathogens will be subject to voting as to

species type based on shape and arrangement to ensure that there is a multi-person consensus of

what is contained within the image. The user could receive compensation based on the number of

“correct” identifications. That is, a b-CAPTCHA that agrees with the bulk of respondents would

be compensated to a greater extent than those would with a lower number of “correct”

identifications. This is designed to mitigate pure guessing of the results.  A large-scale host site,

such as Google, could be enlisted to share the queries across the globe to predetermined

recipients. Special b-CAPTCHA tasking could be screened to many users across the globe that

chose to participate for specific b-CAPTCHA AI use, in areas from microbiology to error

analysis to mathematics, and more.

Initial Software Development

A preliminary voting scheme was created where users could conduct a series of simple

functions to help clarify the bacterial image. These include basic size a surface features and any

attachments, if any. The average diameter of spherical bacteria is 0.5 µm - 2.0 µm. For rod-

shaped or filamentous bacteria, length is 1 µm - 10 µm and diameter is 0.25 µm - 1 .0 µm.

For example;

• E. coli , a bacillus of average size is 1.1µm to 1.5µm wide by 2.0µm to 6.0µm long.

• Spirochetes occasionally reach 500µm in length and the cyanobacterium

• Oscillatoria is about 7µm in diameter.

• The bacterium, Epulosiscium fishelsoni , can be seen with the naked eye (600 µm

long by 80 µm in diameter).
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• One group of bacteria, called the Mycoplasmas, have individuals with size much

smaller than these dimensions. They measure about 0.25µm and are the smallest cells

known so far. (Formerly known as pleuropneumonia-like organisms (PPLO)).

• Mycoplasma gallicepticum, with a size of approximately 200nm to 300nm are thought

to be the world smallest bacteria.

• Thiomargarita namibiensis is world’s largest bacteria, a gram-negative

Proteobacterium found in the ocean sediments off the coast of Namibia. Usually it is

0.1µm - 0.3mm (100µm —300µm) across, but bigger cells have been observed up to

0.75 mm (750µm).

Thus a few bacteria are much larger than the average eukaryotic cell (typical plant and animal

cells are around 10µm to 50µm in diameter). In addition to size, shape and arrangement

information, additional information can be deduced to the bacteria identity by adding a gram-

negative or gram-positive stain to see which bacteria are affected by the stain. (A gram stain

helps classify the cell wall thickness of a bacteria).

Figure 26 is an initial screenshot of a program developed for this research [58] designed

to allow specific users who have a background in microbiology to examine random images for

identification. (The custom Visual Basic-based macro was been developed for the sole purpose

of this research by Conn. Analytical Corp. in November 2021 using Microsoft Excel v. 2008)

[39]. As in the reCAPTCHA, one image will serve as a control image where the details as to the

images shape and arrangement information has been previously established. The other image is

an image that is unknown as to the shape and arrangement attributes, as well as if the image is

biological in nature (bacteria, spores, pollen, etc.) or simply dust or combustion particulates.
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Several users will examine the same “unknown” image with a different control image,

and when three users agree on the same shape and arrangement attributes, the image will be

cataloged as identified. In future iterations of the b-CAPTCHA, the users will be used to help

train machine learning programs. In the b-CAPTCHA program, there are two 24 bit bitmap

microscope images (left side of Figure 26) that have been captured by a CCD microscope. One is

a control image with known characteristics while the other image is unknown and will be

analyzed by the user.

The reason for having two images that appear unknown is for the need to quantify the

ability of the user to quantify the distinguishing features of the unknown microbe. If the user is

able to adjust the image to achieve the image clarity such that key morphological factors can be

derived, and those features match those stored for the reference image, then the probability of the

user, using the same approach, to correctly identify the key elements of the unknown image are

much greater. Unlike traditional reCAPTCHAs, this technique evaluates the user’s identification

process. An added advantage of this form of reCAPTCHA, is that factors that may impact final

result accuracy can be addressed in possible future reCAPTCHAs. For example, if excessive

color noise made identification especially difficult for one type or one class of microbe images, a

new hue or color saturation pre-process may be required. Or, in some cases, only black and white

images are used.
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Figure 26. reCAPTCHA image control of bacterial sample

The user has the capability to enhance the two microscope images by adjusting the red (R), green

(G) and blue (B) colors of the images as well as inverting the image and adjusting the contrast

and brightness of the image. A virtual graticule can be added to help the user characterize the

size of the items in the microscope image. Size can be further augmented by adding a scale to the

image field. This is especially useful in determining if the image presented may contain bacteria

or viruses.

Figure 27 is a screenshot detailing an image “invert” feature of the program. The upper

left image has been color inverted which is sometimes useful for helping the user to see

additional detail that may not be noticed in the raw image.
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Figure 27. Screenshot of image invert feature

The program includes a “color control” feature. The images have the provision for color

adjustment by means of adjusting the “R”, “G”, and “B” sliders to bring out additional detail that

may not be noticed in the raw image.
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Figure 28. Screenshot of Color Adjustment Feature

Once the user has analyzed the image, the user will then make a determination as to what shape

and arrangement the items in the image are. See Figure 29.



48

Figure 29. Shape and Arrangement Selection Feature

It is important to understand that some of the features such as brightness, contrast, invert

and color adjustments may help the user to ascertain key features of the items in the images,

there is no guarantee that each feature on its own will. It is more probable that a mixture of

several of these features will be able to provide the user with help into ascertaining the

characteristics of the items in the images. Once the user has determined the SHAPE and

ARRANGEMENT characteristics of the items in the images, they would then click on the

VERIFY button to send the results to a remote server. As in the reCAPTCHA method, the results

will be analyzed by checking to see if the user correctly analyzed the (unknown to the user)

control image. If at least 2.5 of the users get the same results with the non-control, unknown
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image, the previously unknown image will be updated and saved with the identified SHAPE and

ARRANGEMENT characteristics and will then be used to augment the database of known

control images for future users.

By applying edge detection algorithms, one can help isolate specific items in the digital

image to help give clues as to the features of the image. One of the most commonly used

operations in image analysis is that of edge detection. Edges form an outline of an object and

when examining a digital image, one needs to know what one is looking at. To help facilitate

identification of objects within a digital image, one needs to discern the boundaries between

objects within the digital image and even the boundaries between the objects and the

background. Once the edges are defined or identified, other useful properties can be identified

and measured, such as area, perimeter and shape. By utilizing the process of segmentation, edge

detection is realized. This enables specific regions within a digital image to be identified [40].

Figure 30 is a bacterial image that was processed with a Canny edge detection algorithm that

was part of the MathCad 2001 Image Processing electronic handbook. The Canny edge detection

algorithm consists of three individual stages [41].

1) Convolution of the image with a derivative-of-Gaussian kernel, where sigma is the

standard deviation of the Gaussian. sigma plays the role of a scale parameter for the

edges: large values of sigma produce coarser scale edges and small values of sigma

produce finer scale edges. Larger values of sigma also result in greater noise suppression.

2) Nonmaxima suppression along the direction of the intensity gradient for each pixel.

3) Hysteresis thresholding using the low and high threshold values. In hysteresis

thresholding, the magnitudes of the intensity gradients are first threshold using the lower

threshold value. Then, pixels that have gradient magnitudes above the lower threshold,
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but with connected segments having at least one pixel with gradient magnitude larger

than the higher threshold are retained.

Figure 30.

Bacterial cocci normal image left, and edge detection filtered right

Figure 29 on the left is the original (unprocessed) image while the image on the right has been

processed with the Canny edge detection algorithm where the sigma value used was 2, the low

threshold value was 0.8 and the high threshold value was 3.0.

 Figure 30 represents another bacterial image that was processed with a Convolution edge

detection algorithm that was part of the MathCad 2001i Image Processing electronic handbook.

The Sobel Convolution edge detection algorithm detects edges by convolving various kernels

over the matrix [41].

The sobel kernel gives uniform edge detection and gives increased weight to the

orthogonal pixels over the diagonal pixels.
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Figure 31 is the original (unprocessed) image of bacteria with multiple flagella, while shown on

the right is the same image processed with the Sobel Convolution edge detection algorithm.

Figure 31. Bacterial image showing flagella filaments, and corresponding edge detection image

b-CAPTCHA TEST

A set of pathogen examples is shown in the following three b-CAPTCHA screens. The user is

prompted to select squares on the photograph the display parts of a bacteria or virus. In other

versions, the user might be asked to select what classification of bacteria or virus is displayed, or

even the users best guess from a select list what the microorganism is by name.

Decision Tree Method 

The CAPTCHA process is designed to complement the decision matrix, and improve machine

learning to yield increasing microorganism identification accuracy.
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Figure 32.
Spherical virions, shown here with a dark band around each virion, are in contract to other
circular elements in the image filed. Dark band is due to virus capsid protein spikes. [42]

Real-world microbe images contain noise artifacts aside from image sensor (CCD) or other

electronic noise. Cell debris as a result of apoptosis (cell death), are to be expected, and are a

benefit in the b-CAPTCHA process. Artifacts help the AI over time develop the means to

distinguish the target species unique morphological features. Many human viruses are spherical

in shape and covered with distinct protein spikes.
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Another example of viral identification in a light noise filled field indicative of a real world SEM

image that may be difficult to interpret:

Figure 33.
Virions are clustered, and protein spikes on the surfaces readily identifiable [42]
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An example of identifying bacteria in a field of normal blood cells.

Figure 34. [43]
Bacterial species are difficult to identify in this image, which was deliberate to verify if
survey/test users could, based on their training, parse out those features based on morphology,
size, and image context.
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CHAPTER 5: RESEARCH DATA

Speed an accuracy are key objectives of a b-CAPTCHA test because if we are to obtain

enough data data for deep learning to yield accurate results in pathogen identification, we will

need the input of many images of a given pathogen, in multiple environments, with multiple

perspectives and distortions, in multiple noise filled backgrounds for the AI to improve over

traditional machine learning to the point where a high confidence level of identification

transpires.

Figure 35. Improvement of AI using Deep Learning vs. Machine Learning [44]

How much is enough data? The numbers can be quite high. For example, in one significant study

from a joint effort between Google research and Carnigie-Mellon University, randomly sampling

a subset of 10M, 30M and 100M images revealed that the performance (in image identification)

increases logarithmically [45]. The level at which the amount of learning data plateus varies with

the type of image and complexity of the field. [46].
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It is obvious that for a pahogen learning system to be effective, a large block of examples

will be required to parse out the defining morphological features required for reducing the

number of possible identifications to a few or one target. There does not exist the volume of

images of microbiological species as does the number of, say, pictures of people in databases

around the world. This should not be surprising, since the advent of digital photography,

followed by the fusion of cameras with cellular telephones which has yielded more pictures

being taken of people in various poses and interactions than any other image topic. Hence, to

build the database for  microorganisms, we need a system that users will not object to and which

doesn’t take much time while yielding useful data.

A questioairre was prepared and emailed to microbiologists using a simulated

CAPTCHA of viral or bacteriological species. The intent of the questionairre test was to

ascertain how accurate experts in the field of microbiology could identify two dimensional

morphological characteristics indicative of bacteria or viruses in a complex noise filled

background field. In addition, another purpose of the test was to see if experts in the field of

microbiology could complete at least 3 such tests in approximately one muniute. Respondants

indicated that most would particiape in such a test on a daily basis if they knew the  use of the

data was for a mutually productive purpose, such as future epidemic or pandemic prevention, and

if they had access to such a database for personal research use or teaching. Ideally, such b-

CAPTCHA could be a once per day test =hwen a given user logged into their gmail account or

performed a Google search. The prospect of multiple queries per day were not well received.

Discussion with respondenst revealed the tsst to be quick and easy because the scale of the

image, i.e., microns verses nanometers was provided, and the context of the background was
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provided, such as a filed of blood cells. The morphology of the species was then easier to

classify based on the other facts provided.

Accuracy of b-CAPTCHA Test

The test revealed that between 72% to 95% of respondents correctly identified all the

virus images, while bacterial images were correctly identified 73% of the time. See Fig. 36. This

was a surprising result since the bacterial example was designed to be deliberately difficult, with

the bacteria having few identifiable morophological features, and being approximately 1:10 the

size of background cells in a noisely image filed. The fact that the respondents were able to

correctly parse out the bacteria was most likely due to experience in bacterial shape in a given

context, which is what we want to impary to a deep learning system.

Figure 36. Accuracy of respondents for viral and bacterial b-CAPTCHA
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Figure 37. Deliberately difficult image feature identification added to b-CAPTCHA test

In the case of viruses, most we would expect to encounter are spherical in shape, specifically

having a icosahedral or helical capsid structure. There is even an “International Committee on

Taxonomy of Viruses is the official body that classifies viruses into order, family, genus, and

species taxa. There are currently seven orders of viruses”. [47]. The small size of viruses and the

common shapes expected, help provide for rapid identification of the presence of a viral agent,

although more information is required to identify a specic virus. Corona viruses look similar, but

are defined based on capsid protein structure and DNA sequence. However, if we are looking for

Bacteria is small and
challenging to identify
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the presence of a unique viral species, such as Ebola, the identification with a high confidence

becomes much easier. See Figure 38.

Figure 38. Ebola virus, exhiding a long, filiment stucture with a loop seen atb the left. [47]

It was determinded that without a learning system to identify key features of

microorganisms, in the case of bacteruia, the probability for correct identification drops

precipitously. For example, in Figure 39, if the number of defining features or nodes were

eliminated, the number of potential identification approaches zero, as is to be expected.
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Figure 39. Comparison of Numerical Results in Loss of Morphological Features [48]
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This graph of Figure 39 depicts a comparison of the percentage of number of results given from

a set of parameters when the decision tree has 4, 5, 6, or all 7 nodes. Nodes in the decision tree

represent physical characteristics that are used to differentiate between bacteria. Node 7, the blue

bar on the graph, is type of flagella, Node 6, the orange bar on the graph, is type of cilia, Node 5,

the grey bar on the graph, is an indicator of whether the bacteria have surface appendages and

Node 4, the yellow bar on the graph, is the arrangement of the bacteria. In this diagram, one can

notice how as there are fewer and fewer nodes the percentage of instances the decision tree

correctly narrows down to a single identification decreases, while the number of times the

decision tree gives an output of 5 or more possible bacteria increases. It should be noted that the

five nodes and four nodes table is identical due to the fact that in the Excel decision tree created

for pathogen identification discussed earlier, only had bacteria listed with the pili characteristic

of Type IV pili, and therefore this was not a differentiating node. In the future, it would be

advantageous to add another defining pathogen characteristic, such as a second type of pili or sex

pili [48].
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CHAPTER 6: RESULTS AND IMPLICATIONS

An effective and rapid method was developed that offers a new means for providing

sample data for deep learning systems by combining the process inherent in CAPTCHA’s to

microorganisms. A b-CAPTCHA can be very useful in analyzing a complex image filed. At the

same time, the b-CAPTCHA offers a possible avenue for generating potentially millions of

digitized images suitable for airborne pathogen identification in near real-time, and in clinical

pathology laboratories for disease identification and analysis. As vividly articulated by one

reference in the literature review, deep neural networks holds great promise for analyzing

complex biomedical images, “but is hampered by a lack of large verified data sets for rapid

network evolution” [49]. The deficit of learning reference inputs to a convolutional neural

network has led to the suggestion of ”mimicry embedding” of simulated pathogen data sets. The

concept and results of the b-CAPTCHA provide a valuable alternative to essentially contrived

images. Use of actual real world pathogen images will yield a better AI than any based on

assumptions or simulations.

The b-CAPTCHA offers the potential to expand the data set to orthogonal inputs, such as

the presence of specialized fluorescence tagging and/or nucleotide sequence information. The

sharing of image based pathogen morphology in conjunction with genetic nucleotide sequence

data may be shared worldwide in a block chain format to preserve the accuracy and integrity of

reports of potential emerging epidemics before they can rise to the level of a possible pandemic.

Future research involves the acquisition of additional data sets from survey-test

respondents using expert users covering a wider variation in pathogen types. A database of

online examples may be tapped to further the learning base for the deep learning system. There



62

are open code downloads available in the programming language Python for PCs and other

packages designed for the Apple iOS and OSX. One popular package is the DeepLearningKit

that is available with an Apache 2.0 license. Microsoft offers a free software download known as

the CognitiveToolKit, and is designed for use with very large datasets, as would be the case in

microbiology image recognition applications. A Python program available for sale is known as

“Keras”.

Future study would entail expanded use of the b-CAPTCHA, selecting those images with

an identification score preferably greater than 70% as templates for CNN training. The evolving

deep learning code could then be applied to identification of clinical laboratory samples to

further verify system accuracy.

Electrospray ionization, now traditionally used for mass spectrometry, has the ability to

“getter” or capture polar or polarizable trace species from the air, of which bio-species are a part.

As is well known, since 9/11, there has been a flurry of development of many new methods and

devices to identify potentially toxic agents of all kinds. However, what seems to be missing is the

fact that one needs to capture enough of the target species in order to achieve detection. Dr. Fenn

once stated that the sensors should not be called detectors, but “identifiers”, and that a “detector”

is composed of a collection device and an identifier. If we collect more analyte from the

surrounding air-diluent, we need a less sensitive identifier and vice-versa. It is even better if the

collection device captures and concentrates only the class of materials of interest while ignoring

the background. Electrospray is unique in that it allows for non-destructive capture of all

airborne pathogens, including spores, bacteria, and viruses out of the ambient air.[50] Of note,

electrospray was shown to capture tobacco mosaic virus as far back as 2001 [51].
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In the intended application, air samplers will be seeded in areas of human congestion,

such as airports, train and bus station, malls, and any other closed space where there will be a

high concentration of airborne respiratory droplets to sample. Air will be drawn through either a

cyclone separator or aerosol impaction device such that only particles approximately 20 microns

and below will be samples. Electrospray will be used to attract and charge incident aerosol

droplets, and the spray solvent intended to separate viral from bacterial species as independent

macro charged particles. Samples thus introduced into a partial pressure region, similar to the

front end of a ESI mass spectrometer, will have potential viral and bacteriological trace species

sorted after passing through a charge detection mass spectrometer flight tube. Electrostatic

deflection may be employed to deflect and thus sort potential viral agents and bacteriological

agents onto separate witness plates, where subsequent interrogation may take place. Such

interrogation may be optical microscopy or scanning electron microscopy for convolutional

neural network image processing and identification, or through possible nucleotide sequencing.

The results of both datasets sets is ideally uploaded to the cloud and distributed amongst users

via blockchain security for epidemic and pandemic prediction.
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Figure 40.
Basic electrospray configuration, illustrating an analyte dissolved in a solution and transformed
into a jet of discrete charged droplets through the formation of a ‘Taylor Cone’. This is a soft
ionization process, which leaves fragile biospecies unharmed. (Source: Bango et al)

PATHOGENS IN AIR
ATTRACTED TO
DROPLETS
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Flowchart of Pathogen Air Sampler Concept, Simplified

Figure 41.
Preferred Pathogen Air Sampler Components

           Draw in
       Ambient Air

      1st Stage
   Inertial Separation,
     Heavy  Fractions

            Data
       Extraction

   Optional:
- Lysing
- Extraction
- Library Preparation
- Genetic Sequencing

    Charge Detection
              Mass Spectrometry
          (Identification, sizing,
    sorting using gated electrodes)

Witness Plate Sequestering

            Data
  Transmission to
    Cloud / Web

Electrospray Capture of Light Fractions,
droplet charging, solvation of possible
respiratory mucins  (free bacteria-viruses)
desolvation, Optional Dye/Aptamer tags

2nd Stage
Inertial Separation,

Light Fractions

       Predictive
        Modeling

Imaging, SEM / Optical;
Convolutional Neural
Network Analysis, Crowd-
Source b-CAPTCHA
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The key-lacking factor in all present decision processes in infectious disease prediction

and intervention, has been a lack of real time or near real time information about the type of an

airborne pathogen, its concentration, and its distribution among target populations. While genetic

sequencing provides verified microbe identification, followed by chemical interrogation, such

methods at present cannot handle the throughput demands of a real time or near real time

infectious disease air sampler system. A possible solution is classification and identification of

potential pathogens based on known morphological characteristics. A crowd-sourced image

database that can be applied to a convolutional neural network is one method by which millions

of microbe images can be intelligently scanned to isolate candidates of interest for further

interrogation.

The development of a deep learning decision matrix that takes into consideration the

variabilities of image brightness, contrast, color (if available and applicable, such as with a Gram

stain), shape, and background elements, will improve any response to the beginning of an

epidemic. Possible wide adaptation of the b-CAPTCHA will enable a vast library of real-world

images to be generated that will only enhance the ability of artifical intelligence to tackle the

challenging task of shifting through potentially billions of airborne pathogens every day.

The proposed air sampling system with convolutional neural network tied to a cloud-

based blockchain combination promises to help address the predictive model deficit to yield

improved public health interventional management in precluding the next epidemic or pandemic.
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APPENDIX B: GLOSSARY OF TERMS

• Amorphous - Object lacking  a defined shape

• Artificial Intelligence (AI) - Computer algorithm used to mimic human tasks

• Bacillus - Rod shaped bacteria

• Bacteria - Single cell microorganism devoid of organized nucleus

• b-CAPTCHA - A new form of CAPTCHA employing microorganism images

• Bertin’s Visual Variables - Principal manner in which images are perceived

• Box (As in bacteria) - Bacteria that are rectangular in shape

• Canny Edge Detection - Edge detection algorithm developed by John Canny in 1986

• CAPTCHA - Program designed to differentiate between a machine & human

• Capsid - Protein shell of a virus

• Capsule - Polysaccharide structure that exists outside the bacterial cell wall

• CCD - Charge-Coupled Device used as an image array

• CDC - Center for Disease Control

• CFU - Colony Forming Unit

• Cilia - Hair-like filaments on a bacterial cell wall used for locomotion

• Coccobacillus - Bacteria that are short rods that could be classified as cocci or spheres

• Convolutional Neural Network - Neural network especially useful for image processing

• COTS - Commercial Off The Shelf

• COVID - CO' stands for 'corona,' 'VI' for 'virus,' and 'D' for disease

• Deep Learning - A form of artificial intelligence that mimics the human brain
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• DHS - Department of Homeland Security

• Diplo - Bacteria that after division, remain in pairs

• Edge Detection - An algorithm for converting an image into line boundaries

• Electrospray - Nondestructive method for creating discrete species multiple charges

• EpiDMS - Epidemiological Data Management System

• Epiflourescence Microscopy - Microscope where illuminated & emitted light use same lens

• Eukaryotic - Cell that exhibits a clearly defined nucleus

• Excel - Microsoft program for creating spreadsheets with computational capacity

• Filamentous - Long strands of bacteria that can combine to form a mesh

• Flagella - Long fibers attached to a  bacterial cell wall used for locomotion

• Fungus / Fungi - Spore yielding organism

• Gram Stain - Chemical stain process used to determine bacterial wall thickness

• Heterogeneity - Being diverse in content or form

• Machine Learning - Algorithm capable of changing outputs based on input data patterns

• Microsoft - Software developer responsible for Windows OS, Word, Excel, PowerPoint

• Mono - Single bacterial structure

• Neural Network - A collection of artificial neurons or nodes designed to mimic a brain

• PAHO - Pan American Health Organization

• Pathogen - A virus, bacteria, spore, or fungi that can cause disease

• Pleomorphic - A condition where more than one shape of bacteria exist

• Raman Spectroscopy - Nondestructive analytical method using laser induced scattering

• SEM - Scanning Electron Microscopy

• Sobel - A computer software filter algorithm for producing sharp image edges
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• Spiral - Bacteria of helical or spiral shape

• Spore - Single celled bacteria reproductive unit that is environmentally hardened

• Staphylo - Bacteria that have a resemblance to a grape or a bunch of grapes

• Strepto - Bacteria occurring in a chain-like array

• Star - Star shaped bacterial cells

• Tetrad - Groups of four with  bacteria

• Virion - Infective structure of virus while outside a cell

• Virus - Infectious agent consisting of nucleic acid in a protein coat that multiples in cells

• WHO - World Health Organization

• Witness Plate - Collection surface
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APPENDIX C: CONCEPT AIR SAMPLER

An air pathogen sampler would be ideally based on electrospray ionization to

nondestructively charge target microbes and channel them using electrostatic fields for sorting

and interrogation. An ideal system would offer the capability to capture, concentrate, and retain

live pathogen agents for subsequent collection and study in the laboratory while at the same time

providing near real time genomic identification data using a nanopore sequencer. In a practical

embodiment, the electrospray source will tend to charge both potential pathogens as well as non-

organic particulate matter. How do we parse out the debris from bacteria and/or viruses? The

answer may be found by using Charge Detection Mass Spectrometry or CDMS. Conventional

mass spectrometry is less effective at the mass ranges one would see when looking at viruses or

bacteria. “As the analyte mass approaches the mega Dalton regime, the m/z spectrum is often

comprised of a broad distribution of unresolved charge states. In such cases, mass determination

is precluded. Charge Detection Mass Spectrometry (CDMS) is an emerging MS technique for

determining the masses of heterogeneous, macromolecular complexes. In CDMS, the m/z and z

of single ions are measured concurrently so that mass is easily calculated. With this approach,

deconvolution of a m/z spectrum is unnecessary” [52].

Sorting of incident trace species based on m/z value or mass alone, could separate

microbes for subsequent morphological examination using scanning electron microscopy or

optical microscopy, depending on sample size. Convolutional deep learning could then be

exploited to help classify and identify the big data expected in an ambient pathogen sampler.
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The essential system that will allow us to capture, charge, weigh, and collect viral species

has already been constructed under NASA support for a future life finder mission (NASA

Contract 80NSSC18C0056).

In this system, an electrospray source coupled to a vacuum system with charged species

electrostatic acceleration and charge detection has been proven. A variant of the technology is

being replicated in a separate system for capture and identification of nebulized viral and

bacteriological particles introduced at the electrospray source. A witness plate may be situated in

a vacuum system of this type that could provide for the aforementioned scanning electron

microscopy or optical microscopy. Similarly, additional interrogation of possible pathogens may

be undertaken, such as Raman spectroscopy, or lifetime fluorescence measurements. If aptamer

tags have been added that bind to target antigens, optical detection may be employed at this stage

as well. Finally, nucleotide sequencing may be performed in vacuo using a modified Oxford

nanopore or a solid state nanopore employing ionic liquid or a variant thereof as an electrolyte.

The genetic sequence data can then be uploaded to the ‘Cloud’ and shared via blockchain

technology with global participating healthcare participants.

The system constructed and illustrated in Figures 41 and 42, is only an experimental

research system. It is expected that production air samplers can be reduced to the size not much

larger than a typical kitchen microwave oven.
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Figure 42. CAD Image of Ambient Electrospray Sampling System

CAD drawing of NASA
electrospray particle ice
generator and analyzer.
A similar system could serve
as a platform for the
proposed ambient pathogen
sampler.

Source: J. Bango
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Platform Configuration for Electrospray Ambient Air Sampling

Figure 43. Electrospray System Developed under NASA Support

Shown to the right in Figure 42 is an
electrospray system delivered to NASA.
The electrospray source is located on the
extreme right, and is external, which
allows discrete ambient microbes and
microbes in aerosol droplets, to be
captured, charged, and introduced into a
partial pressure region. At the left of the
flight tube is a charge detector for
determining m/z value of the analyte. A
witness plate, SEM, Nanopore sequencer,
or Raman analyzer could be affixed to a
future iteration of the system.
(NASA Contract 80NSSC18C0156)

Source: J. Bango
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APPENDIX D: LETTERS OF SUPPORT
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