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ABSTRACT

The introduction of new anti-viral medications has enabled an e�ort to reduce the burden

of hepatitis C infections in the world. Molecular epidemiology investigations will be a major

piece of elimination e�orts. This dissertation introduces a distance based method to cluster

hepatitis C cases likely to be close in the chain of transmissions. It also describes the Global

Hepatitis Outbreak and Surveillance Technology (GHOST) which is based on the clustering

method. Methods developed for quality assurance of GHOST input data and to methods

scale the clustering method to data sizes relevant for GHOST.
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CHAPTER 1

Introduction

According to the CDC yellow book, an estimated 62 million people were living with chronic

hepatitis C virus (HCV) infection in 201990. HCV infection is the leading cause of liver

transplantation5. If untreated, 80% of chronic hepatitis C cases are at risk of advanced liver

disease. 15-30% progress to liver �brosis and cirrhosis; and 5% will die from liver failure

caused by cirrhosis or hepatocellular carcinoma5.

The hepatitis C virus was only fully identi�ed in 1989. By 1975, serological tests for

both hepatitis A virus and hepatitis B virus had been developed. However, there were still

unexplained cases of hepatitis recognized as being associated with blood transfusions. It

became obvious that the causative agent was a virus known as non-A-non-B hepatitis. Given

the state of biotechnology at the time, the �nal identi�cation of the HCV virus as causative

agent was very laborious. The 2020 Nobel prize Medicine was awarded to Michael Houghton,

Harvey Alter, and Charles Rice for the identi�cation51.

Before blood supply screening was standard practice, HCV infection was expanding

throughout the world. HCV infection is particularly high among individuals born between

1945 and 1965 in the US population9,54,105. HCV is primarily transmitted through parenteral

exposures. Outbreaks of HCV infections are associated with unsafe injection practices, drug

diversion, and other exposures to blood and blood products. During 2005-2013 in the United

States, 18 healthcare-associated outbreaks were detected, involving 228 outbreak-associated

cases and> 92550 at-risk persons noti�ed for screening. Of these, 9 outbreaks occurred in



outpatient facilities, 7 in hemodialysis settings, and 2 were caused by HCV-infected healthcare

providers who were diverting drugs27. During a 2016 HIV outbreak investigation in Indiana,

92% of the 181 HIV positive cases were found to be co-infected with HCV5.

HCV has a long incubation period of up to 6 months. HCV infection is also asymptomatic

in > 70% of infected persons. This makes hepatitis C outbreaks di�cult to detect, and most

likely only fraction of total outbreaks of HCV infections are recognized. Resulting in under

identi�cation of recent transmissions and new cases of infections.

The release of antivirals for hepatitis C has led several governments to focus on radically

reducing the prevalence of viral hepatitis in their populations4,52. These pharmaceuticals are

termed direct-acting antiviral medications (DAA) and can cure HCV infections more than 98%

of the time55. The WHO launched the Coalition for Global Hepatitis Elimination (CGHE) in

July 201922. In 2016, the United States National Academies of Sciences, Engineering and

Medicine released "A National Strategy for the Elimination of Hepatitis B and C in the

United States: Phase One Report"64.

Successful disease elimination programs require extensive monitoring to determine the

e�ectiveness of the intervention. Consequently, epidemiological surveillance has been a

cornerstone of all disease elimination programs106,71,20,17,65,107,64. Molecular surveillance is a

recent evolution of traditional surveillance that involves the collection of genomic information.

This produces powerful public health information, and is a powerful complement to more

traditional epidemiological surveillance methods48. Molecular surveillance provides key

information for initial outbreak settings, including identi�cation, source attribution, and



accurate identi�cation of cases associated with a disease cluster.

Several molecular approaches have been developed for tracking viral infections. Molecular

phylogenetic analyzes are one of the most commonly used in the study of outbreaks and

transmission chains88,89,68,30,15,58,39,70,31. This normally involves using a single sequence to

represent each infected individual. These sequences are analyzed using the methods of

phylogenetics and phylodynamics. HCV is a very fast mutating organism with mutation

rates ranging from 3:5 � 10� 5 to 1:2 � 10� 4 substitutions=site=year63. This, coupled with the

chronic nature of the infection, causes many variants to exist in each infected individual.

The population of variants has a complex structure, with some variants more frequent and

others rarer28. Low-frequency variants are often the virions that establish new infections

when the virus enters a new host. Traditional single sequence analysis are not as sensitive to

rare variants. In these cases transmissions could be missed2.

The CDC Division of Viral Hepatitis, Molecular and Bioinformatics Epidemiology Labo-

ratory (MBEL) team of the CDC has been investigating viral hepatitis transmission for more

than two decades using molecular analysis (see Appendix A for a list of publications). Using

accumulated data, a genetic distance threshold was derived with epidemiologically validated

transmissions. The threshold is applied to the hypervariable Region 1 (HVR1) of the hepatitis

C virus. It can discriminate clusters of related samples from unrelated samples with 100%

sensitivity and speci�city2. This distance threshold is the cornerstone of Global Hepatitis

Outbreak and Surveillance Technology (GHOST). GHOST accepts Illumina MiSeq sequence

data and produces reports showing which cases are linked by a common viral strain4. GHOST



intends to make the molecular surveillance and investigation process as easy as possible.

An overriding goal throughout system development was simplicity of use and interpretation.

However, any data analysis system is only as good as it's input data. So a signi�cant focus of

the GHOST system is quality control of the input. Common input error modes are discovered

by analyzing the accumulated data in the system. A set of methods for detecting these failure

modes is described and messages created to help laboratory technicians correct them.

1.1 Problem Formulations

We will address the following problems.

1. Given multiple samples of quasi-species reads of the hepatitis C virus that span a HVR1

region of the E1/E2 protein, determine a method to identify which samples are likely

to be closely related in the transmission chain.

2. Determine methods to quickly exclude pairs of quasi-species samples which cannot be

related given the above de�nition without measuring the complete distance set.

3. Develop a quasispecies haplotype reconstruction and genotyping methodology for use

with the Illumina MiSeq.

4. Develop a method to assess the quality of the data entering the above method using a

large set of samples from many di�erent laboratories. In addition, develop automatic

recommendations on how to improve the quality of the sequencing to provide to

technicians.



1.2 Contributions

The dissertation describes the following contributions.

1. Creation of a minimum distance-based threshold for clustering of related hepatitis C

samples.

2. The creation of several �lters to reduce the workload of measuring the minimum distance

threshold in large collections of samples.

3. Examine the quality of the samples uploaded to the GHOST system during its pilot

phase. Describe the characteristics of the samples received. Describe the creation of a

set of acceptance criteria for the system that new samples should pass. Create a set

of help messages based on sample statistics to help GHOST users correct problems

encountered in the sequencing protocol.

4. Describe the Global Hepatitis Outbreak and Surveillance Technology (GHOST), a

web-based molecular epidemiological system for hepatitis.
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[10] Viachaslau Tsyvina et al. \Fast estimation of genetic relatedness between members of
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[3] Seth Sims et al. \GHOST: CDC's �rst cloud-based bioinformatics system and associ-
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CHAPTER 2

Threshold Based Detection of Hepatitis C Virus Transmission in Outbreak
Settings

Molecular detection of viral transmissions is usually aided by phylogenetic analysis. A

small viral genomic region is ampli�ed and sequenced, producing a single sequence per case.

These are used to construct a phylogenetic tree. Identi�cation of transmission clusters from

phylogenetic trees is achieved using several criteria. A phylogenetic cluster of sequences can

be interpreted as representing a shared strain shared by cases involved in an outbreak if:

1. The genetic or patristic distances among the sequences of the cluster are below a certain

threshold.

2. The ancestral node for the suspected transmission cluster in the tree has a high statistical

signi�cance calculated using Bayesian statistics or bootstrap analysis.

These approaches are commonly used in HIV forensics13.

Due to the infection dynamics of hepatitis C, these methods are less able to group

related cases. Consensus sequences do not represent the heterogeneity of the intra-host

HCV population and do not represent minority viral variants. HCV infections are frequently

established by minority variants transmitted from the source33,8. These single sequence

methods cannot reliably capture such transmissions.

The limitations can be addressed by sequencing many intrahost viral variants. To do

so, the MBEL team developed two protocols, end-point limiting dilution (EPLD)73 and

next-generation sequencing (NGS)26,19.



The NGS protocol captures a large sample of intra-host viral variants and better sam-

ples minority variants, improving the accuracy of genetic detection of transmissions26,35,34.

Sampling thousands of intrahost HCV variants complicates phylogenetic analysis, producing

dense trees that are di�cult to interpret. Given the need for a rapid response during HCV

outbreaks, a simple and accurate approach to the detection of HCV transmissions by NGS

data would be very useful.

Using epidemiologically curated HCV outbreaks, a fast distance-based method is devised

and validated for the detection of transmission-linked cases. Eight of the outbreaks included

in the analysis have known infection sources. We �nd that these source cases can be accurately

identi�ed by using the population-level nucleotide diversity of the variant population.

2.1 Methods

2.1.1 Related Samples

HVR1 sequences were obtained from 127 cases collected during 32 epidemiologically de�ned

outbreaks (see Appendix A for a complete list). HCV from 76 cases belonged to genotype 1a,

and HCV from 51 cases belonged to genotype 1b. All outbreak-associated HCV infections were

serologically con�rmed and epidemiologically de�ned as previously described27. Outbreak-

associated HCV infections are de�ned as those with serological, clinical, and epidemiological

evidence supporting transmission. These include infections identi�ed during the acute phase

or previously undiagnosed chronic infections with epidemiological evidence indicating that

these were likely outbreak-related incident cases that progressed from the acute stage to the



chronic stage27.

The source case of HCV infection was known for 8 outbreaks. Using NGS, the HCV strain

identi�ed in one of the outbreaks (AW)101 was additionally sequenced from the 18 cases. The

authors of each cited article should be contacted for more details of each outbreak and access

to the sequence data.

2.1.2 Unrelated Samples

Two sets of HCV sequences obtained from individuals of epidemiologically unrelated origin

were used. Sequences from 193 HCV-infected individuals were obtained by EPLD PCR,

using serum samples from national collections104,11 and other surveillance projects carried

out in the laboratory. The HCV of 118 individuals belonged to subtype 1a and those of 75

belonged to subtype 1b. NGS obtained a second set of sequences from 221 HCV-infected

patients, with 81 infected with HCV subtype 1a, 41 infected with subtype 1b, 58 infected

with genotype 2, 39 infected with genotype 3, and 2 infected with genotype 4. Some of these

samples were previously described19 and gathered from other surveillance projects conducted

in the laboratory.

2.1.3 EPLD Real-Time PCR

Total nucleic acids from the specimens were extracted from serum and the RNA was pre-

cipitated and reverse transcription was performed using random and speci�c primers as

previously described73. We used the EPLD PCR protocol to sequence multiple clones of

HVR1, as previously described73,74.



2.1.4 NGS

PCR products were pooled and subjected to pyrosequencing using the Junior GS or GS FLX

Titanium Sequencing Kit (454 Life Sciences, Roche, Branford, Connecticut). The NGS �les

were processed using the error correction algorithms KEC and ET87.

2.1.5 Data Analysis

For each sample of HCV sequences, a multiple sequence alignment (MSA) was created using

MAFFT 7.22147. The primer sequences were removed and the �nal sequences were 264

nucleotides in length. The level of genetic heterogeneity of each sample was estimated by

calculating the nucleotide diversity (� ) according to previously published methods81,92, using

MATLAB R2014a56. The sequences of each pair of samples were aligned and used to calculate

the genetic distances with MATLAB56. A maximum likelihood tree was constructed with

MEGA 6, using the Nei{Tamura substitution model49. Patristic distances were calculated

on the phylogenetic tree, using MATLAB56. For each distance type, we measured the

overlap between the distributions of values among related or unrelated samples, using the

Bhattacharyya coe�cient, which is equal to 0 when 2 distributions do not overlap and equal

to 1 when they completely overlap24.

2.1.6 Transmission Network

A transmission network that represents the genetic relationship between the samples was

built using MATLAB 56 and drawn with GEPHI12.



2.1.7 k-step Network

For one of the outbreaks (AW), we built a k-step network, as previously described26. The k-

step network contains all possible minimum spanning trees and allows for e�cient visualization

of genetic relatedness among all haplotypes present in the sample. The networks were drawn

with GEPHI 12.

2.2 Results

2.2.1 Intrahost HCV Populations

A total of 12 987 HCV clones obtained by EPLD PCR were analyzed. These HCV clones

were obtained from 320 HCV-infected cases. On average, each sample contained 40.58 clones,

21.52 di�erent (hereafter referred to as \HCV variants"); a major variant representing 34%

of all clones; and a hamming distance of 2:58%.

2.2.2 Genetic Distances Among Samples of HCV Sequences

There were 374 pairwise comparisons between samples belonging to the same transmission

cluster from 32 epidemiologically con�rmed outbreaks. Of these 78 (20. 86%) were between

identical HCV variants and 73 (19.52%) were between HCV variants that di�er at a single

nucleotide position. The sharing of identical variants among samples is strong evidence of

direct transmission. However, not all epidemiologically linked samples share HCV variants.

This indicates a need for a less stringent threshold to de�ne transmission clusters. To

establish this threshold, we studied the distribution of pairwise distances among samples



belonging to the same outbreak (related) and samples without any epidemiological linkage

(unrelated). Three forms of genetic distance were considered: (1) Hamming distance, which

is the number of mismatches; (2) Nei{Tamura distance, which takes into account transitions

and transversions; and (3) patristic distance, which is calculated over the branches of the

maximum likelihood phylogenetic tree. Given that each sample includes a population of

variants, three di�erent measures were used for each distance: (1) the minimal distance

between all possible pairs of variants between 2 samples; (2) the average distance; and (3)

the distance between major variants from each sample. The last measure was included to

simulate the situation in which a single sequence per sample was obtained.

For each distance type, we measured the overlap between the values distributions among

related or unrelated samples (Figure 2.2.2), using the Bhattacharyya coe�cient. Among the

distances, the minimal distance was superior, which is in agreement with the observation

that minority variants are frequently responsible for transmission33,8. The overlap between

the distributions was approximately 2.8 times greater than that for the minimal distance. In

general, the minimal Hamming and minimal patristic distances were equal in performance,

both showing the same overlap values (Bhattacharyya coe�cient, 0:043) and being highly

correlated (r = 0:992).

2.2.3 A Relatedness Threshold

Considering performance and simplicity, the minimal Hamming distance was selected to �nd

a threshold for the most accurate separation of related and unrelated samples (Table 2.1).

Figure 2 shows that the distributions of minimal Hamming distances among related and



Figure 2.1 Overlap between the distributions of distances among related or unrelated samples.

unrelated samples were very distinct. The threshold of 3.77% was calculated as the average

minimum distance among the related samples (1.02%) plus 2 standard deviations (1.37%).

This threshold was lower than any of the 18528 unrelated pairwise distances and greater

than all but 8 (2.14%) of the related pairwise distances. Although some distances between

related cases were greater than this threshold, all 127 outbreak samples were found to be

related to the � 1 case of the corresponding transmission clusters. Thus, the relatedness

threshold yielded 100% sensitivity and 100% speci�city in the detection of cases involved in



these outbreaks.



Table 2.1: Descriptive Statistics of the Studied Samples,

by Hepatitis C Virus Genotype

Variable 1a 1b Overall
Samples, no. 194 126 320

Outbreaks, no. 20 12 32
Related Samples, no. 76 51 127

Unrelated Samples, no. 118 75 193
Pairwise related, no. 165 209 374

Pairwise unrelated, no. 6903 2775 18528
Related distance, mean� SD 0:87� 1:21 1:14� 1:48 1:02� 1:37

Unrelated distance, mean 12.97 15.04 20.60
Ratio of mean unrelated to mean related distances 14.91 13.19 20.20

Pairwise related distances greater than threshold, no. 2 6 8
Pairwise unrelated distances less than threshold, no. 0 0 0

Missed outbreak samples, no. 0 0 0



2.2.4 Application of the Threshold to NGS Data

The threshold was established using the data generated by EPLD PCR. However, NGS

provides an opportunity to sample many more intra-host viral variants, which may a�ect

the threshold accuracy. To assess the applicability of the threshold to NGS data, we studied

a second independent set of HCV HVR1 sequences obtained by NGS from 221 unrelated

cases. Among all possible 24310 pairwise comparisons, not a single distance was below the

established relatedness threshold, indicating a strong speci�city of the threshold applied to the

NGS data. Furthermore, NGS data were obtained for 18 cases involved in the AW outbreak

(Figure 2.2.4A and 2.2.4B). Analysis of the data identi�ed the same transmission cluster, but

NGS yielded an approximately 4-fold increase in the number of links between related cases

that shared identical sequences compared to EPLD PCR (60.13% vs 14.38%). This increase

indicates that a greater sampling of intrahost HCV variants improves the sensitivity of the

transmission detection by increasing the probability of �nding more closely related or even

identical HCV variants from outbreak-associated cases, using the relatedness threshold.

2.2.5 Transmission Graphs

A usual representation of the relatedness among sequences is a phylogenetic tree, which

often requires considerable expertise for its construction and interpretation (Figure 2.2.5A).

However, when the size of the data increases, the tree becomes unwieldy and may obscure

the visual identi�cation of the transmission clusters. Here, the calculated threshold allows for

a graphical representation that captures public health information in the more intuitive form



Figure 2.2 Distribution of pairwise distances. Percentage of pairwise comparisons for each
category of minimal Hamming distance.

of transmission networks. Figure 2.2.5 B shows the HCV HVR1 genetic relatedness data

obtained from the AW outbreak as a network, taking the same data set used to generate the

phylogenetic tree shown in Figure 2.2.5A. In this network, each node is an HCV sample; a link

is drawn if the minimal Hamming distance between the 2 samples is less than the relatedness

threshold (3.77%) and the size of the node is proportional to the nucleotide diversity of the

intrahost viral population.



Figure 2.3 A, k-step network of the hepatitis C virus (HCV) variants sampled during a single
outbreak (AW). The k-step network contains all possible minimum spanning trees and allows
e�cient visualization of genetic relatedness among all variants. Each node is an HCV variant
and di�erent cases are shown in di�erent colors. B, The same k-step network, with the HCV
variants present in the source highlighted in green.

2.2.6 Source Identi�cation

The epidemiologically identi�ed source of HCV infections was known for eight outbreaks,

which were further studied in detail. Intrahost HCV populations sampled from the known

source were found to be the most genetically heterogeneous among all cases involved in

the corresponding transmission cluster. The level of genetic heterogeneity of each sample

was measured by calculating the nucleotide diversity, as shown in Figure 2.2.6 for the AW

outbreak. Over all eight outbreaks, the source HCV population had on average 6.2 times

greater nucleotide diversity than its associated incident cases and 4.3 times greater diversity

than the incident case with the highest nucleotide diversity (Figure 2.2.6).



Figure 2.4 A, Phylogenetic tree of hepatitis C virus (HCV) variants sampled during a single
outbreak (AW) 36 Each leaf is an HCV variant. Green nodes represent sequences obtained
from �ve unrelated cases, blue nodes represent those from 18 incident cases, and orange
nodes represent those from the known source of the outbreak, a drug-diverting HCV-infected
surgical technician. B, transmission network of the same outbreak (AW). Each node is an
HCV sample. A link is drawn if the minimal Hamming distance between the 2 samples is
less than the relatedness threshold (3:77%) and the size of the node is proportional to the
sample nucleotide diversity. Green nodes represent unrelated cases, blue nodes represent
related cases, and orange nodes represent the known source of the outbreak.



Figure 2.5 Hepatitis C virus (HCV) nucleotide diversity of each sample from the AW outbreak.
The source of the outbreak (a drug-diverting surgical technician infected with HCV) is shown
in orange.

2.3 Discussion

The presented approach accurately identi�ed all transmission clusters in the tested outbreaks,

separated these clusters from epidemiologically unrelated HCV strains, and did not link any

unrelated cases by transmission. The genetic link identi�ed using the threshold approach

developed here cannot be interpreted unambiguously as a direct transmission event without

epidemiological data supporting such direct transmissions. Rather, our approach detects



Figure 2.6 Nucleotide diversity of hepatitis C virus (HCV) hypervariable region 1 (HVR1)
from the source and incident cases. The diversity of HCV HVR1 from the known source in
each outbreak is shown in orange. The highest value of HVR1 nucleotide diversity found
among incident cases is shown in purple. The average nucleotide diversity of HVR1 from
the incident cases is shown in green. The total number of cases in each outbreak is shown in
parentheses.



whether two patients share the same HCV strain, and it should be interpreted as sampling

from members of transmission chains or networks. Outbreaks are usually identi�ed as a

cluster of cases in certain epidemiological settings. Thus, identi�cation of strain sharing

among cases involved in such a cluster is a strong indication of linkage by transmission.

However, this approach should be used with caution in investigation of transmissions that

have occurred in the distant past because of the uncertainty of HCV evolution in a succession

of hosts or over a long time.

Certain information about the identity of the genetic strain can be obtained by analyzing

viral heterogeneity between hosts69,67. The essential limitation of this approach is its focus

on intra-host rather than inter-host viral evolution. Both play an important role in the

de�nition of viral genetic identity. While transmission is largely an interhost process, the

genetic heterogeneity associated with the transmitted strain cannot be accurately measured

without considering both dynamics.

The average Hamming distance between the intrahost variants measured in our samples

was 2.58%, which is lower than the relatedness threshold (3:77%). The application of the

average value as a threshold would allow separation of all unrelated cases but would also lead

to a misclassi�cation of 7:48% related cases, thus reducing the sensitivity of transmission

detection.

This threshold approach is very speci�c to the virus and genomic region used for the

detection of transmissions, and it needs to be experimentally established for each pathogen

or genomic region. A generalized transmission detection approach that could easily have



been applicable to di�erent pathogens and genomic regions of the same pathogen would

have signi�cant advantages over the targeted threshold approach. The development of

such approaches using di�erent clustering techniques promises a more universal detection of

transmissions69,86.

The simplicity of identifying a single sequence per sample prompted the application of

consensus sequences to the detection of transmissions by phylogenetic analysis70. However,

this study shows that genetic distances between HCV strains using a single sequence result

in less accurate separation of related and unrelated cases. In addition, consensus sequences

obtained by direct sequencing are rarely identical to that of the major variant and are

frequently di�erent from that of any sequence variant sampled from a sample35,74. Consensus

sequences result from the amalgamation of a heterogeneous population and should be used

with caution for the detection of transmission.

The detection accuracy depends signi�cantly on sampling a su�cient number of intra-

host viral variants to capture minority populations, which can be achieved with NGS26,19,99.

Increases in the number of variants sampled from intra-host viral populations should not

signi�cantly change the minimal Hamming distances between HCV variants from unrelated

cases. The minimum genetic distances among the epidemiologically related HCV variants can

be shorter due to the greater probability of sampling minority variants. As we observed in

this study, the threshold approach developed using the EPLD PCR data performed equally

well on NGS data obtained from unrelated HCV cases. NGS data showed an improved

sensitivity in the detection of transmission links among members of the transmission cluster



in the AW outbreak.

Several types of distance were studied here. The minimal Hamming distance was identi�ed

as one of the most accurate for the detection of transmissions. Although identical to the

patristic distance with respect to the accuracy of transmission detection, the Hamming

distance has an advantage in its simplicity. Hamming distance is computationally less

intensive than the other distances and can be calculated rapidly even for large NGS data

sets. Minimal distances are highly suitable for detecting recent viral transmissions, especially

considering that HCV infections are frequently established by only some of the populations

present in the source33,8.

With the predominance of phylogenetic analyses to identify transmission clusters, the

usual graphical representation of a transmission cluster uses a phylogenetic tree. However,

a network representation is more suited for the threshold analysis developed here, showing

potential transmissions among cases directly and streamlining interpretation of results. The

graph is simple and can be easily modi�ed if additional cases are added, without the need

to recalculate the distances among all previously studied cases, thus considerably reducing

computational time. This is in contrast with phylogenetic reconstructions, which need to

be recalculated after adding new sequences, a signi�cant burden in the current NGS period.

In addition, such graphs can be constructed using any type of validated genetic distance

(e.g., distances between mass spectrometric pro�les, as was shown earlier in our laboratory36).

Finally, the current approach allows the implementation of very e�cient computational

algorithms to remove patient pairs that cannot have sequences with a distance below the



threshold, considerably reducing the demand on computational resources1.

Identi�cation of the source of infection is useful for the interruption and prevention of

outbreaks. In general, HCV accumulates mutations during intrahost evolution and becomes

more genetically heterogeneous11,76. Thus, the di�erence in duration of infection between

the source and incident cases can be explored for the detection of the transmission direction.

Analysis of HCV cases from 8 outbreaks with known sources of infection showed that the

source is infected with a much more diverse HCV population than any incident case from

the corresponding transmission cluster. This �nding is supported by our earlier observation

that the intrahost HVR1 nucleotide diversity is 1.8 times greater in patients with chronic

than acute HCV infection11,18. The di�erence in genetic diversity allows for an accurate

identi�cation of the transmission direction only when the source was sampled. Otherwise,

the incident case with the most heterogeneous population of HVR1 can be classi�ed as a

source of infection in a transmission cluster. One possible way to resolve this issue is to

establish a threshold, but its de�nition requires a larger number of outbreaks with a known

source. These problems of transmission-direction detection have been previously noted13,79

and warrant further investigation.

This simple and accurate distance-based approach to the detection of HCV transmissions

developed here streamlines the molecular investigation of outbreaks. This improves public

health capacity for rapid and e�ective control of hepatitis C.
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CHAPTER 3

Accelerating Threshold Based Transmission Detection

3.1 Methods

3.1.1 Problem De�nition

With the advent of Next-Generation Sequencing (NGS) the number of variants detected in a

transmission detection sample will increase. This will increase the sensitivity of transmission

detection due to sampling of minority variants2. This advantage comes with a considerable

computational challenge because all of the new variants need to be compared among all pairs

of samples. For our relatively small dataset of 401 samples, a total of 80,200 pairwise sample

comparisons were performed. This requires 4:56� 1010 pairwise sequence comparisons. Given

that the molecular surveillance of HCV is just beginning, this number will certainly grow in

the near future. This could make transmission detection methods impractical. We present an

e�cient three-step �ltering strategy that removes 85:1% of all pairwise sample comparisons

and 91:0% of all pairwise sequence comparisons.

Given P = P1; P2; : : :, a set of samples where eachPi is associated with a setSi = S1
i ; S2

i ; : : :

of homologous sequences, enumerate all sample pairs (Pi ; Pj ) where any pairwise sequence

comparisons (Sx
i ; Sy

j ) has an edit distance lower than the relatedness threshold, T (see Figure

3.1.1). Given that every pair of samples must be considered, it produces an algorithmO(n2),

wheren is the number of samples.

However, we have observed that less than 1% of all sample pairs are linked by transmission

in a typical study (see Figure 3.1.1). Therefore, an exhaustive search over all pairs of sequences



Figure 3.1 Transmission detection overview. In this example, there are 3 samples:Pi contains
3 di�erent sequences,Pj contains 4 andPk contains 3. In addition, Pi and Pj are related,
while Pk is not related to the other two. A total of 33 pairwise sequence comparisons must be
performed to �nd the minimum distance between each pair of samples. The rationale of our
approach is to quickly remove the sample-pair comparisons with zero probability of having a
minimal distance lower thanT.

is very ine�cient due to the fact that the vast majority of sample pairs are aboveT. Brie
y,

it would be very advantageous to remove most of these pairs in order to reduce the number

of computations needed to establish transmission on a set of samples.

3.1.2 Sample Description

We analyzed two sets of �les that cover the spectrum of genetic relationships among HCV

cases. The \Unrelated Dataset" is composed of 401 HCV cases that are epidemiologically

unrelated to each other and were obtained from national collections and other research



Figure 3.2 Transmission network density This is an example of a real HCV transmission
network obtained during an outbreak study. A link is drawn if the minimal edit distance
between the two samples is smaller thanT, while the size of the node is proportional to its
genetic heterogeneity. In this particular example, only 0:8% of all sample pairs are linked by
transmission.

projects103,19.

The \related data set" is made up of 18 HCV cases from an outbreak in which a surgical

technician diverted drugs and infected patients in a health care setting101. All samples in

the related set are epidemiologically linked and their minimal edit distance is less thanT

(3:77%). The average number of di�erent sequences per sample is 534.3.



3.1.3 Experimental Methods

For each sample, we used the sequences obtained and described in2,19. Brie
y, we ampli�ed

the E1/E2 junction of the HCV genome (306pb), which contains the hypervariable region 1

(HVR1) using our nested PCR protocol described previously72. PCR products were pooled

and subjected to pyrosequencing using the GS FLX Titanium Sequencing Kit (454 Life

Sciences, Roche, Branford, CT). Low-quality reads were removed using the GS Run Processor

v2.3 (Roche) and then processed by matching to the corresponding identi�er. The NGS �les

were processed using the error correction algorithms KEC and ET87.

3.1.4 Algorithms

We developed a three-step strategy that �lters pairs of samples according to di�erent criteria.

Figure 3.3 shows an overview of the �ltering strategy.

3.1.4.1 K-mer bloom �lter

For a sequence pair (Sx
i ; Sy

j ) to be similar enough to link two samples, the following condition

must be satis�ed: The edit distance betweenSx
i and Sy

j is < LT (LengthxT ). This means that

when we alignSx
i and Sy

j , the lower bound of the maximal common substring isk = (L � LT )
(LT +1) ,

which for our particular T would be 26. We took advantage of this maximal common substring

requirement and created for each sample a Bloom �lter of all its 26 mers. A bloom �lter is a

space-e�cient probabilistic data structure that supports dynamic set membership queries with

false positives57. False positive matches are possible, but false negatives are not; therefore,

a Bloom �lter has a 100% recall rate57. For any pair of samples, we tested the intersection



Figure 3.3 Overview of the �ltering strategy

of k-mer sets: If it is empty, the sample pair is considered unrelated and removed from the

sample-pair candidate list; if it is nonempty, the sample pair may be related and remains in

the sample-pair candidate list.

3.1.4.2 Hamming radius �lter

For each samplePi in the database, we calculated and stored the following: (i) its Multiple

Sequence Alignment (MSA); (ii) its consensus,Ci , de�ned as the majority nucleotide state at

each position in the alignment; and (iii) its Hamming radius,Ri , de�ned as the maximum



Figure 3.4 Hamming radius �lter. If Sd is higher than LT these two samples cannot have
any sequence pair with a distance lower than T

edit distance found between the consensus and all other variants of the sample.

For any pair of samples, we calculated a sample distance,Sd, de�ned as: Sd = dist(Ci ; Cj )�

(Ri + Rj ). Each pair of samples is tested this way and ifSd is higher than LT , it is removed

from the sample-pair candidate list because these two samples cannot have any pair of

sequences with a distance less thanT (see Figure 3.4). IfSd is lower than the threshold, the

sample pair may be related and remains in the sample pair candidate list.

3.1.4.3 Identical sequences �lter

We have previously estimated that 51:63% of the sample pairs coming from the same

transmission cluster share at least one identical sequence2. Candidate pairs that share one

or more sequences do not need to be fully evaluated because their minimal distance is zero

and, therefore, are ensured to be below the T. We take advantage of this fact to create a

simple �lter that quickly identi�es the pair of samples that share identical sequences. To

achieve this, we calculate for each sequence in a sample its hash '�ngerprint' with a standard



cryptographic function (MD5). The set of such strings is constructed for each sample �le

only once and then stored. When comparing sample-pairs, we check for intersection in their

hash sets and if the size of the intersection is at least 1, then the sample-pair is considered

related. If not, the sample pair remains in the sample-pair candidate list.

3.1.4.4 Detection of transmission

For each pair of samples remaining in the candidate list, all its sequences are used to create

a MSA, which is then used to calculate the edit distance between every pair of sequences.

The two samples are considered related if the minimal edit distance between any of their

sequences is less thanT.

All edit distances were calculated with HDIST, a custom-made, highly optimized distance

calculator that minimizes processor pipeline stalls and takes advantage of modern superscalar

architecture. The procedure involves breaking a sequence pair into consecutive 3-mers,

converting them into base 5-integers, and using them as indices into a precalculated lookup

table. The choice of 3-mers was made by testing di�erent word sizes to maximize processor

cache memory hits.

3.1.5 Results

3.1.6 Filtering Strategy

We developed a three-step strategy that �lters pairs of samples according to di�erent criteria.

The rationale of the approach is that the great majority of sample pairs are very di�erent

(unrelated) and it would be advantageous to remove these pairs in order to reduce the amount



of computation needed to establish transmission on a set of samples. Each pair of samples

is still considered, giving an algorithmO(n2), where n is the number of samples. However,

the 3-step �ltering strategy e�ciently prunes most comparisons from the candidate list with

much lower computational e�ort than the full distance calculation, even though both have

the same order.

3.1.7 Filtering Performance

For the unrelated data set, the entire algorithm can be performed in less than �ve minutes on

a desktop computer, accurately removing 85:1% of all possible candidates and 91:0% of all

pairwise sequence comparisons. The number of candidate samples of the sample pairs that

are removed by each �lter can be seen in Table 1. In this data set, the best individual �lter

is the Hamming radius �lter, which removes 84.7 of all sample pairs. Only 302 candidates

are removed by the k-mer bloom �lter that are not removed by the Hamming radius �lter,

whereas 15404 candidates are removed by the Hamming radius that are not removed by the

k-mer Bloom �lter. With regard to overlap, 52,234 candidates were removed by both �lters.



Table 3.1: Number of candidate pairs removed by each

�ltering approach

Filter Individually serial work
ow
k-mer bloom �lter 52536 (65.5%) 52546 (65.5%)

Hamming radius �lter 67940 (85.7%) 68242 (85.1%)
Identical Sequences �lter 0 (0.0%) 68242 (85.1%)



Figure 3.5 Percentage of removed sample-pairs by the k-mer bloom �lter

We studied the behavior of the bloom �lter with di�erent k-mer values. Figure 5 shows

how the percentage of sample pairs removed increases with the value of k. With our particular

value T, the 26-mer bloom �lter removes 65:5% of all sample pairs. As the value ofk increases,

the percentage of sample pairs removed increases very quickly. For example, a common

relatedness threshold used in HIV molecular epidemiology is 1%, which in this data set yields

a kmer of 72 that �lters 88:6%of all sample pairs.

For the related dataset, the whole algorithm can be performed in under 10 s on a desktop

computer, accurately identifying 51:6% of all possible candidates and removing them from

the work
ow (see Table 3.2). In this data set, both the k-mer bloom and the Hamming radius

�lter do not remove any candidates, as is expected given that all are belowT.



Table 3.2: Number of candidate pairs removed by each

�ltering approach

Filter Individually Serial work
ow
k-mer bloom �lter 0 (0:0%) 0 (0:0%)

Hamming radius �lter 0 (0:0%) 0(0:0%)
Identical sequences �lter 79 (51:6%) 79 (51:6%)



3.1.8 Implementation

The k-mer bloom �lter was implemented in JAVA, whereas the Hamming radius �lter,

identical sequence �lter, and HDIST were implemented in Python and Cython. Although all

programs are available upon request, they are part of our recently developed Web system

for the advanced molecular detection of HCV transmissions, the Global Hepatitis Outbreak

and Surveillance Technology (GHOST, which will be described elsewhere). The Web system

includes the analytical methods described in this article, improving the accuracy and response

time of transmission detection by integrating epidemiological evidence, NGS, and data

analysis. The tool is available to public health laboratories to identify outbreaks by simply

uploading viral sequences.

3.2 Discussion

The utility of the \Identical Sequences Filter" is only evident when there are samples coming

from the same geographical region or from a suspected outbreak, as we have previously

estimated, that 51:63% of sample pairs coming from the same transmission cluster share at

least one identical sequence2.

The Hamming-radius �lter seems to be outperforming the k-mer bloom �lter on this

dataset. However, the Hamming radius �lter requires a precalculation step for each sample,

which involves an MSA. This MSA can be performed e�ciently with MAFFT, but it has

high memory requirements depending on the number of sequences. Therefore, the Hamming

radius �lter is contingent on the feasibility of the MSA, whereas the k-mer bloom �lter is



alignment-free. This particular NGS dataset was obtained with 454 Life Sciences, where the

average number of di�erent sequences per sample is 534.3. Our initial tests on the Illumina

MiSeq platform indicate that although the number of di�erent sequences is around 15 times

greater, the MSA step is still feasible.

The idea behind the Hamming radius to exclude sample pairs could be generalized to

exclude sequences within a patient that are too distant from the sequences of the other

sample. We are currently using just the maximum distance to the consensus (radius), but all

those distances could be used to �lter a great amount of sequences that are very close to the

consensus. A reduced number of sequences will decrease the number of pairwise comparisons

that were calculated at the last HDIST step.

Until recently, molecular phylogenetic analyses of RNA viruses used a single viral se-

quence per patient to detect transmission. However, the advent of NGS data increases the

computational burden of this simple approach. Our proposed �ltering strategy can be used

to detect transmissions of any heterogeneous virus in which a threshold-based method has

been validated.

The number of samples in our database is now in the order of 102, but it is constantly

increasing with time as HCV molecular surveillance becomes more commonplace with the aid

of cheaper and more e�ective NGS technologies. In the United States alone, it is estimated

that 2.7 million to 3.9 million people have chronic HCV infection100, and if we want to respond

to a rapidly growing database of NGS data, there is a great need for our highly e�cient

work
ow to accurately infer the network of HCV transmissions. The availability of this



system for the detection of HCV transmissions will promote a greater participation of public

health researchers and practitioners in the investigation of HCV outbreaks in the United

States and throughout the world. Improvement in molecular detection capacity will also

increase the rate of transmission detection in the United States, providing the opportunity

for a rapid and e�ective response to the growing number of hepatitis C outbreaks.
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CHAPTER 4

Automated Quality Control for a molecular surveillance system

4.1 Methods

Data used in this quality control study were submitted by participating public health

institutions in the initial pilot phases of the GHOST projects between November 27, 2016 and

August 22, 2017. They contained sequences of 3181 samples originating from 173 GHOST

quality control (QC) tasks. The samples were demultiplexed on the MiSeq using the standard

Illumina method. The samples were duplicated by computing the CRC32 check-sum algorithm

for all sample �les to detect and remove duplicates.

After demultiplexing, the read pairs are searched for the forward and reverse ampli�cation

primers. The primer sequences are located in each read using fuzzy matching and allow

only substitutions � 2, insertions (relative to the reference)� 1, deletions (relative to the

reference)� 1, and a combination of total errors� 3. Read pairs where either primer cannot

be found are discarded. The primer locations are used to orient the reads in a uniform

orientation.

For each read pair, the forward read for the forward primer sequence is performed using

the same search parameters. Once found, the reverse complement of the forward read is

searched for the reverse primer sequence. If the distance between the forward and reverse

primer sequences is found to be less than the threshold set in the �lter dedicated to read

length (185 bp), the pair is discarded as a nonspeci�c product or primer dimer. If both

primer sequences are not found, the process is repeated with the reverse read.



If a read has more than three ambiguous nucleotides or has a length less than 185 bp, it is

discarded. The sequencing primers are designed to include 8 bp identi�er sequences to reduce

demultiplexing errors. Each identi�er on both forward and reverse reads is examined, and

the pair is discarded if either identi�er is not an exact match to the list of valid identi�ers.

The combinations of identi�ers are counted, and the most frequent pair is assumed to be the

correct identi�er for the sample. Pairs containing valid identi�ers are discarded if they are not

a constituent of the majority identi�er tuple. If 25% or more of the read pairs contain valid

identi�ers that are not the majority tuple, the entire sample is discarded from the analysis

without further processing.

To reduce QC run times, a random subsample of read pairsN = 20000 is taken by the

unweighted reservoir sampling method16,98. Each read pair is merged into a single error-

corrected sequence using the Casper error correction method50 with a quality threshold of 15,

k-mer length of 17, k-mer neighborhood of 8, and minimum match threshold of 95%. The

overlap �tness is evaluated using the classical Hamming distance. The overlap corresponding

to the highest ratio of correct positions to overlap length is selected, with the longest overlap

being preferred in the event that there is more than one overlap with equal ratios. Merged

reads are collapsed into unique occurrences with associated frequencies, thereby reducing

the subsequent computation time and associated cost. Any sequences where no valid open

reading frame can be found are discarded.

The sequences are then segregated into subtypes using the blastn program included in the

blast+ toolkit v2.3.0 6 with an in-house curated reference database and the following adjusted



parameters: minimum E-value 30.0, word size 7, gap opening penalty 2, and minimum raw

gapped score 95. The total normalized bit score of each high-scoring segment is calculated

with respect to the genotype and subtype of each reference sequence. The logarithmic

probability of observing the bit score larger than this is calculated using Eq. 5 in Karlin and

Altschul45, and the best match is used to classify the sequence into a subtype category. If

the best match is of poor quality (bit score-derived logarithmic probability> � 135), it is

ignored and labeled with the 'unmatched' subtype along with sequences without matching4.

The subtype classi�cation for all deduplicated samples was analyzed to determine the

distance between the �rst and second best hits. For those with 2 or more matches, the ratio

of the best to the second-best hit was measured to determine the precision of the call using

the log probabilities derived from the bit score as the hit values.

Sequences are aligned using a hybrid strategy of traditional multiple sequence alignment

using MAFFT v7.21546 for the 1,000 sequence variations that occur a most frequently, and

the resultant alignment is used to create a seed of a hidden Markov model (HMM) for

subsequent HMM-based alignment of the remaining sequences using HMMer v3.1b132. The

consensus, nucleotide diversity, and largest Levenshtein distance from the consensus (radius)

are calculated per subtype present in the sample. The QC task then writes preprocessed �les

in the internal HD5 derived GH5 format containing the haplotypes found with associated

frequencies and other metadata (Figure 4.1). All samples were processed by all �lters, even if

a quality metric would normally cause processing to stop.

With these �lter phases in mind, a Python script was created to normalize each �lter



Figure 4.1 Flowchart depicting processing steps for a Quality Control task see appendix B
for a description listing of all �lters.



Figure 4.2 Sankey diagram of read pair allocation for all samples after deduplication. The
arrow thickness represents the proportion of read pairs removed by the �lter step. The \not
sampled" step represents the reads not used after 20,000 read pair random sampling

result to a percentage with respect to the number of reads that entered the �lter. Welch's t

test for the di�erence in the means with unequal variance was used to calculate the di�erence

in the means of the �lter results between sample groups using the Holm-Sidak method to

control multiple tests as implemented in the Python package Statsmodels82.

The GHOST Laboratory Standard Operating Procedure includes multiple intentionally

negative samples as controls. Negative control samples were detected by matching the �le

names with a regular expression developed to recognize common names used for negative

samples. We used the characteristics of these samples to produce a classi�er to recognize

negative samples. Users occasionally introduce unintentional negative samples through

mislabeling or loss of the ampli�cation product. The duplicated samples were partitioned into



4 categories: Passing Non-Negative (PNN), Failing Non-Negative (FNN), Passing Negative

(PN), and Failing Negative (FN) and evaluated for the �ltering performance of the Quality

Control task (Table 4.1). The 3 �lters found to be the most signi�cant for the detection of

negative characteristics were used to employ an exhaustive grid search from 0 to 100% for

each variable with increments of 0:5%. The Gini impurity index of the PNN set compared to

the combined FN and PN sets was evaluated for each variable combination, and the index

with the minimum index was determined to be the best �t.



Failing non-negative 225
Passing non-negative 1750

Failing negative 87
Passing negative 25

Total 2087



Logistic regression with multiplexing level and 
ow cell type as predictors to determine any

statistical relationship with the passage of the QC task. Finally, all deduplicated data from

the collection time period were analyzed together for linkage to determine if any unexpected

links exist suggesting intra or inter-run contamination. Due to computational load and

runtime requirements, the linkage analysis was broken into four separate tasks, and a Python

script was used to compile the outputs into a single uni�ed result. The Gephi v0.9.1 software12

was used to visualize the linkage of all sample data sets. This study is an e�ort to control

quality with system-level parameter optimization and protocol-speci�c feedback. In this

document, no personally identi�able information (PII) is contained.

4.2 Results

4.2.1 Overview of production data

The 173 GHOST submissions containing sequence data from 3181 samples were analyzed.

Deduplication reduced the sequence data to 2087 originating samples. 312 (14.95%) failed

the GHOST QC task and 112 (5:37%) were identi�ed as negative control samples; 22.32%

(25/112) of negative control samples passed the QC task.

4.2.2 Primer-dimer �lter performance

Early versions of the quality control pipeline did not include the primer-dimer �lter. Compari-

son of mean �lter results for all samples with that of mean �lter levels before the primer-dimer

�lter was implemented revealed that most read pairs previously discarded by the read-length

�lter were absorbed by the primer-dimer �lter (�gure 4.3). The distribution of discarded



Figure 4.3 Performance of primer dimer �lter. a) Mean values of �lters before the introduction
of the primer dimer �lter. b) Mean value of �lters after introduction of the primer dimer �lter

pair sample percentages for the primer-dimer �lter was concentrated at levels close to zero;

however, the sample percentages were evenly dispersed at a low level throughout the spectrum

(Figure 4.4). It was observed that at 80% and above, the primer-dimer �lter rate is associated

with an increase in the rate of pairs discarded by the read length, MID mismatch, and

minority MID �lters (�gure 4.5).

4.2.3 Filter performance

The primer dimer and MID mismatch �lters displayed signi�cantly higher means of PN over

PNN (Figure 4.6). After normalization of the values with respect to the number of read pairs

entering the �lter, the primer dimer, MID mismatch, and Casper mismatch �lters show a

signi�cant elevation in PN with respect to PNN (Figure 4.8).



Figure 4.4 Histogram of primer dimer �lter normalized values. Normalization is calculated
with respect to the number of read pairs entering into the �lter

Figure 4.5 Scatter plots of the primer dimer �lter compared against 3 other �lters



Figure 4.6 Mean values (before normalization) of all GHOST QC task �lters with respect to
the 4 mutually exclusive sample sets

Welch's t-test on �lter results and sequence statistics between the PNN and FNN sets

showed no statistically signi�cant evidence for rejection of the null hypothesis. The comparison

between PN and PNN showed statistically signi�cant di�erences in the means for maximum

read length, and all �lters, particularly the primer dimer, the best MID mismatch, and minority

MID �lters with p-values of 2 :919� 10� 67, 1:447� 10� 66, and 1:667� 10� 58, respectively (Table



Figure 4.7 Boxplots of �lter distributions after normalization for all deduplicated samples

3). When applied to PN and FN, only the minority MID and the best MID mismatch �lters

showed statistical signi�cance with p-values of 1:590� 10� 24 and 1:447� 10� 4, respectively

(Table 4.2).



Table 4.2: P pass, F fail, PN passing negative, PNN

passing non-negative, FN failing negative

Comparison Filter t p-value Corrected p-value Reject
P vs F Primer dimer 2.485304 3:220� 10� 2 7:210� 10� 1 FALSE
P vs F Ambiguity -2.64516 8:258� 10� 3 2:999� 10� 1 FALSE
P vs F Short read 1.227051 2:478� 10� 1 9:995� 10� 1 FALSE
P vs F MID mismatch 1.721249 1:159� 10� 1 9:828� 10� 1 FALSE
P vs F Minority MID 1.491232 1:666� 10� 1 9:949� 10� 1 FALSE
P vs F Primer veri�cation 0.318833 7:561� 10� 1 1:000 FALSE
P vs F Casper mismatch 2.09018 6:284� 10� 2 9:033� 10� 1 FALSE
P vs F Nonsense 0.600825 5:611� 10� 1 1:000 FALSE
P vs F raw pairs passed -1.65813 1:279� 10� 1 9:875� 10� 1 FALSE
P vs F r1 maxlength 0.027582 9:785� 10� 1 1:000 FALSE
P vs F r2 maxlength 0.027582 9:785� 10� 1 1:000 FALSE
P vs F r1 numseqs 0.496099 6:303� 10� 1 1:000 FALSE
P vs F r2 numseqs 0.496099 6:303� 10� 1 1:000 FALSE
P vs F r1 minlength -2.61235 2:243� 10� 2 6:055� 10� 1 FALSE
P vs F r2 minlength -1.40858 1:889� 10� 1 9:972� 10� 1 FALSE
P vs F r1 gc 0.9154 3:810� 10� 1 1:000 FALSE
P vs F r2 gc 1.115745 2:897� 10� 1 9:999� 10� 1 FALSE
P vs F r1 qual -0.7403 4:759� 10� 1 1:000 FALSE
P vs F r2 qual -0.22578 8:259� 10� 1 1:000 FALSE

PN vs PNN Primer dimer -20.708 2:919� 10� 67 0:000 TRUE
PN vs PNN Ambiguity -3.81125 1:589� 10� 4 7:125� 10� 3 TRUE
PN vs PNN Short read -9.98183 3:000� 10� 21 0:000 TRUE
PN vs PNN MID mismatch -20.5454 1:447� 10� 66 0:000 TRUE
PN vs PNN Minority MID -18.9948 1:667� 10� 58 0:000 TRUE
PN vs PNN Primer veri�cation -6.14462 1:853� 10� 9 9:082� 10� 8 TRUE
PN vs PNN Casper mismatch -14.2144 3:668� 10� 39 0:000 TRUE



Table 4.2: P pass, F fail, PN passing negative, PNN

passing non-negative, FN failing negative

PN vs PNN Nonsense -6.44656 3:119� 10� 10 1:559� 10� 8 TRUE
PN vs PNN raw pairs passed 15.95968 1:747� 10� 47 0:000 TRUE
PN vs PNN r1 maxlength 3.883107 1:138� 10� 4 5:446� 10� 3 TRUE
PN vs PNN r2 maxlength 3.883107 1:138� 10� 4 5:446� 10� 3 TRUE
PN vs PNN r1 numseqs 2.021773 4:358� 10� 2 8:161� 10� 1 FALSE
PN vs PNN r2 numseqs 2.021773 4:358� 10� 2 8:161� 10� 1 FALSE
PN vs PNN r1 minlength 0.927906 3:538� 10� 1 1:000 FALSE
PN vs PNN r2 minlength -0.5458 5:854� 10� 1 1:000 FALSE
PN vs PNN r1 gc -0.26695 7:896� 10� 1 1:000 FALSE
PN vs PNN r2 gc -0.90928 3:635� 10� 1 1:000 FALSE
PN vs PNN r1 qual 0.559492 5:760� 10� 1 1:000 FALSE
PN vs PNN r2 qual 3.245425 1:234� 10� 3 5:290� 10� 2 FALSE
PN vs FN Primer dimer -1.03201 3:207� 10� 1 9:999� 10� 1 FALSE
PN vs FN Ambiguity -1.51352 1:333� 10� 1 9:881� 10� 1 FALSE
PN vs FN Short read -1.47375 1:586� 10� 1 9:944� 10� 1 FALSE
PN vs FN MID mismatch -5.29945 1:447� 10� 4 6:634� 10� 3 TRUE
PN vs FN Minority MID -13.2917 1:590� 10� 24 0:000 TRUE
PN vs FN Primer veri�cation -2.51412 1:338� 10� 2 4:321� 10� 1 FALSE
PN vs FN Casper mismatch -1.91524 7:643� 10� 2 9:381� 10� 1 FALSE
PN vs FN Nonsense -0.52093 6:037� 10� 1 1:000 FALSE
PN vs FN raw pairs passed 2.537808 2:448� 10� 2 6:290� 10� 1 FALSE
PN vs FN r1 maxlength 0.388275 7:045� 10� 1 1:000 FALSE
PN vs FN r2 maxlength 0.388275 7:045� 10� 1 1:000 FALSE
PN vs FN r1 numseqs 0.79751 4:400� 10� 1 1:000 FALSE
PN vs FN r2 numseqs 0.79751 4:400� 10� 1 1:000 FALSE
PN vs FN r1 minlength -1.71001 9:675� 10� 2 9:686� 10� 1 FALSE
PN vs FN r2 minlength -0.98698 3:430� 10� 1 1:000 FALSE
PN vs FN r1 gc 0.433694 6:711� 10� 1 1:000 FALSE



Table 4.2: P pass, F fail, PN passing negative, PNN

passing non-negative, FN failing negative

PN vs FN r2 gc 0.353036 7:286� 10� 1 1:000 FALSE
PN vs FN r1 qual -0.67196 5:144� 10� 1 1:000 FALSE
PN vs FN r2 qual 0.15547 8:790� 10� 1 1:000 FALSE



4.2.4 Discrimination of Negatives

At the minimal Gini impurity index of 0.0089, the resultant thresholds were 0.785, 0.865,

0.155 for the primer dimer, MID mismatch and minority MID �lters, respectively, with

an accuracy of 0.9910, an f1 score of 0.9289, an excluded proportion of 0.0516,TP = 98

(0.9899) andTN = 1554 (0.9911). This combination of thresholds identi�es 5. 9% of the

combined PNN, PN, and FN as putative negatives or samples with loss of product (Figure

4.8). Application of the 3-threshold combination to the FNN set categorizes 69.0% (290/420)

as negative or loss of product. Applying any two of the three �lters used in the 3-threshold

combination resulted in missed negative calls in all cases; however, when applying only the

primer dimer and minority MID �lters, missed negative calls were minimal (Figure 4.9). The

application of these two thresholds only to the FNN resulted in 66:4% classi�ed as a negative

or loss of product (279/420). Calculation of the minimal Gini impurity index using only

the primer dimer and minority MID �lters yielded thresholds of 0.785 and 0.11, respectively,

with an accuracy of 0.9850, f1-score of 0.8804, an excluded proportion of 0.0330,TP = 92

(0.94850) andTN = 1550 (0.98730).

4.2.5 Genotyping

For subtype classi�cation, out of the 11,538,371 unique sequences evaluated from the 2087

samples, 323,862 (2:81%) had no subtype match, majority (n = 10093688; 87:58%) had only

one subtype match, 1,111,483 (9. 63%) had two subtype matches, and 9338 had 3 subtype

matches. None had 4 or more subtype matches. For those with matches� 2, most of the



Figure 4.8 Scatter plot showing samples in categories PNN, FN, and PN. The box shows the
application of the three-threshold combination using minimization of Gini impurity index

logarithmic probability ratios of the best match divided by the second best match had values

between 8 and 18 (Figure 4.10). 1,118,938 (9.70%) sequences had a corresponding ratio

less than two. Of which 1; 118; 754 (99.98% of those with a ratio< 2) exclusively involved

subtypes of genotype 1, 179 exclusively involved subtypes of genotype 2, and 5 involved hits

between 3a and 1a or 1b. (Table 4.3).



Figure 4.9 Breakdown of data categorizations using parameters from the three �lter threshold
combination. Top row shows histograms of each of the three �lters. The bottom row shows
the results of using any two of the �lters alone



Figure 4.10 Histogram of the ratio of bit score-derived log probabilities of best to second-best
subtype matches of the sequences in all deduplicated samples submitted to GHOST. Solid
line indicates the cuto� ratio of 2, with the area under the curve to the left of the cuto�
representing unique sequences that are classi�ed only at the genotype level



Table 4.3: Sequence counts for unique sequences found

to have a ratio of �rst to second-best hit scores under 2

major minor count proportion
1a 1c 704,704 0.057086
1b 1c 407,112 0.032979
1a 1b 3548 0.000287
1b 1a 3390 0.000275
2a 2c 172 1:39� 10� 5

2c 2a 7 5:67� 10� 7

3a 1a 3 2:43� 10� 7

1b 3a 2 1:62� 10� 7



Sequences unable to be genotyped were tallied from all samples submitted to GHOST;

828 of the 2087 (39.7%) samples had a total frequency of >0. For 65 samples, unmatched was

the dominant genotype category, with dominance for a genotype category within a sample

de�ned as having the highest total frequency of sequences.

Of all 2,320 subtype classi�cations made in all samples, 406 (17. 5%) were nondominant,

and 1914 (82. 5%) were dominant. The relative prevalence (prevalence ratio) of the subtype

was calculated by the ratio of total frequency of the subtype divided by the total frequency

of the dominant subtype (Figure 4.11). The prevalence ratios had a mean of 0.113264 and a

median of 0.008815.

4.2.6 In
uences on Depth

Multiplexing level and 
owcell type are the primary factors in de�ning the sequencing depth.

All libraries used for sequencing were paired-end using the Illumina MiSeq Reagent Kits v2

(500 cycles), v2 nano (500 cycles) and v3 (600 cycles) with multiplexing levels ranging from 8

to 96 samples per run. Applying logistic regression to kit type or multiplex level to determine

the e�ect on QC task passage yielded no statistical support toward a correlation.

4.2.7 Linkage Network of All Samples

All samples that passed QC tasks to date were evaluated together in linkage analysis to check

for cross-site linkage or any other type of anomaly (Figure 11). Non-linking nodes were removed

for clarity, as well as all samples originating from arti�cially created libraries using stock

sera (Figure 4.12). The network was visually dominated by a large irregular and asymmetric



Figure 4.11 Histogram of prevalence ratios for all non-dominant subtypes where prevalence
ratio is de�ned as the total frequency of the subtype divided by the total frequency of the
dominant type

cluster. This cluster was found to represent a project with multiple quality-impaired issues,

including sample collection, handling, and known mistakes in library preparation. A type of

particularly unusual feature was observed in this cluster: a set of nodes comprising a closed

linkage cycle such that all edges between nodes in the cycle are a part of the cycle, and no

other edges exist between nodes in the cycle that are not part of the cycle itself. This type

of cycle is called a 'chordless cycle'. Due to the aforementioned problems, the sample set

containing these cycles was removed to observe the remaining linkage (Figure 4.13).



Figure 4.12 All deduplicated samples submitted to GHOST, including arti�cially created
panel veri�cation samples and non-linking samples. Node and link colors were arbitrarily
assigned to clusters



Figure 4.13 All links found in GHOST. Nodes representing samples arti�cially created for
panel veri�cations by state pilot participants were removed, along with nonlinking samples.
The box encloses a chordless cycle. Node and link colors were arbitrarily assigned to clusters



Figure 4.14 All links found in GHOST with removal of nodes representing samples arti�cially
created for panel veri�cations by state pilot participants and nodes representing samples
associated with a project with known quality control issues. Non-linking samples removed.
Node and link colors were arbitrarily assigned to clusters



4.3 Discussion

4.3.1 Beyond a molecular surveillance system

The properties of the GHOST system allow one to detect and monitor HCV outbreaks and

guide intervention using molecular techniques. Therefore, this system can be categorized as

a variation of a cyber-molecular surveillance system for the detection of HCV transmission

events. With many systems, there is an implied independent relationship between the

validity of the testing techniques and the quality of the input and corresponding output,

which is typically the responsibility of the investigator performing the test. This division

of responsibility gives rise to the so-called Garbage-In-Garbage-Out model and presents an

unacceptable scenario for the GHOST system because it allows for the potential introduction

of false results, wasted e�ort, and faulty downstream analyses and surveillance activities.

For these reasons, we have attempted to add multiple layers of automatic quality control

to the GHOST system. These layers include: i) automatic curation, ii) identi�cation and

elimination of erroneous data, iii) error diagnostics, iv) automatic reporting of abnormalities,

v) identi�cation of the error causes, and vi) suggested course of action for abnormality

mitigation.

4.3.2 Filter observations

Elevations in read pairs discarded by the Casper mismatch and primer dimer �lters re
ect two

very common issues that a�ect samples or entire runs: poor PHRED qualities and inadequate

puri�cation or loss of product in library preparation, respectively. Both issues exist on a



spectrum that permeates a signi�cant proportion of data submitted and should not warrant

rejection when levels are in moderation because the GHOST system is adept at �ltering the

a�ected data. However, it would be bene�cial to warn the user when either of these �lter

percentages rise to a moderate level, so that the laboratorian may take corrective action in

subsequent tests.

Therefore, a warning is displayed for samples with primer dimer �lter percentages that

have surpassed 0.3681 that delimit 95% of a PNN data in the percentage of read pairs

discarded (Appendex??). Figure 4.5 shows that as percentage surpasses approximately

80%, other �lters also begin to show elevations in the percentage discarded, indicating a

problem that may transcend puri�cation issues. It was also observed that the primer dimer,

MID mismatch, and minority MID �lters all showed a signi�cant di�erence in means in the

comparison of PN and PNN. We found that primer dimer and minority MID �lters alone

with thresholds of 0.785 and 0.11, respectively, performed nearly as well in discrimination

of negative samples from passing samples with only a 0.006 di�erence in accuracy from the

three thresholds derived from all three �lters. Given that there is a known occurrence of

some negative controls that were mislabeled or contaminated, it is not known which set of

thresholds actually performs better at discriminating true negatives or losses of product from

standard samples. Furthermore, it can be reasoned that because the Illumina sequencing

technology is such a powerful tool with respect to sequencing depth and sensitivity, in

the absence of product one might see either an ampli�cation of trace cross-contamination

indicated by the elevated rates in the minority MID �lter, or an ampli�cation of trace amounts



of short products not intended to be ampli�ed, indicated by elevated rates in primer-dimer

�lter, or both. The role of the MID mismatch �lter is not immediately clear. Therefore, the

2-threshold test using the primer dimer and minority MID �lters is used to label a sample as

a negative or loss of product and exclude it from the analysis results. The user is noti�ed of

the sample classi�cation (Appendix C).

Lastly, we observed that in some cases, after random sampling, read pairs were signi�cantly

reduced due to excessive read removal by either a particular �lter or combination of �lters

for reasons that are not readily apparent. We previously determined that linkage results can

be reliably recovered when subsampling at a level of 10,000 read pairs4. We introduce a �nal

check that rejects samples containing <10,000 residual reads after all other �lters have been

completed (Appendix C). This �lter would reject 17.9% (313/1750) of the PNN samples and

27.3% (3/11) of the PN samples.

4.3.3 Chordless cycles

In the contaminated linked cluster referenced in Figure 4.12, multiple subsets of the cluster

contain a chordless cycle. This type of occurrence would not likely be a naturally occurring

transmission event except in the cases of i) multiple infections, ii) a multitude of unsampled

individuals comprising a much more complex underlying network, or iii) convergent evolution.

However, the detection of convergence is highly implausible for the sample size analyzed in

this study.

Given that it is known that there were issues in the collection, storage, and handling of the

material sources for these samples, and a known contamination event in library preparation



using these material sources, we believe these instances to be an artifact of false linkage

caused by laboratory contamination. To 
ag future similar events, an automatic check for

chordless cycles is performed within GHOST graphical outputs, and those found are reported

as anomalies to be further investigated (Appendix C).

4.3.4 Genotyping caveats

Sequences in samples that cannot be classi�ed as a subtype could be an indication of multiple

issues. One scenario would be the emergence of a new strain that is not in our reference

database. In high-risk populations, it is possible that a chimeric strain could arise signaling

unusual transmission rates or patterns. Other causes could be technical in nature, owing to

the cleaning and linking algorithms, or to an unusual event in the library preparation. In

each of these cases, we would like to be aware of this occurrence, and we have classi�ed the

existence of sequences of an undetermined subtype as an anomaly to be recorded in the QC

task report (Appendix C).

Due to the uncertainty of distinguishing some HCV strains that belong to di�erent

subtypes of the same genotype using the HCV genomic region encoding the E1 / E2 junction

applied in GHOST4,2, the genotyper was adjusted to classify only at the genotype level if the

ratio of log probabilities between the best and second best log matches is less than two. This

threshold is somewhat arbitrary; however, we feel it provides a moderate level of con�dence

at the price of a relatively modest level of exclusivity as illustrated in �gure 4.10.

Non-dominant subtypes with low frequencies relative to the dominant subtype were found

to be common and likely to arise mainly from minor contamination. A �lter in the Analysis



task already exists that restricts linkage between sequences of samples when the maximum

frequency is below a threshold (currently 10).

4.3.5 Future directions

The utmost data quality is di�cult to achieve due to the unclear criteria for such a task. In

GHOST, the main criterion for QC is the accuracy of public health information generated

by the system. In its current version, the GHOST QC module controls data errors that

a�ect the identi�cation of transmission links among HCV strains. However, the addition of

new analytical models for other pathogens or for the detection of other parameters of HCV

infection important for public health, such as recent infection, drug sensitivity, disease severity,

etc., may signi�cantly change the QC requirements and open new directions for research.

With the continued application of GHOST in di�erent epidemiological settings by many

users, we expect accumulation of su�cient data to improve further QC using automatically

updatable models speci�cally calibrated for each MiSeq run and user.
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CHAPTER 5

GHOST: global hepatitis outbreak and surveillance technology

5.1 Implementation

5.1.1 Sequencing Platform

The original transmission detection algorithms1 were designed for the 454Jr platform and

have now been adapted to the Illumina platform, particularly MiSeq. The deep sequencing

capability of MiSeq provides a more comprehensive snapshot of the population spectrum

per sample and a cost-e�ective way to increase the number of multiplexed samples per run.

The primary error channel of 454jr was homopolymer errors and the qc methodology for this

instrument focused on correcting these errors. The Illumina platform's major error channel is

point substitutions. The QC pipeline described in Chapter 4 is much more focused on these.

5.1.2 GHOST web interface

GHOST users are typically local public health researchers, outbreak investigators, and those

involved in molecular surveillance. The �rst step for GHOST users is to submit a user account

request. GHOST administrators authenticate and validate the user request and ensure that

the user has secure access to the system. After access is granted, the user can choose one

of two main web-based tasks: Quality Control or Analysis (�gure 5.1). Each work
ow is

described in the following.



Figure 5.1 Screen captures of the two main types of tasks within the GHOST web interface.
The left shows the Quality Control task. The right shows the Analysis task.

5.1.3 GHOST quality control tasks

The Quality Control (QC) task is designed for the upload of sequence data directly after

Illumina sequencing and demultiplexing. It takes gzip-compressed fastq-formatted data and

expects �lenames in accordance with the conventional Illumina-named gzip-compressed fastq

naming. The complete quality control process is discussed in Chapter 4.

5.1.4 GHOST analysis tasks

The Analysis task uses as input a user-de�ned set of cleaned GH5 �les that result from the

QC task work
ow. Currently, the analysis task has a single module for the detection of

HCV transmissions, where the genetic distances between all sample pairs are measured to



determine if any fall below the experimentally validated distance threshold2. The use of

Ultra-Deep Sequencing (UDS) data increases the sensitivity of transmission detection, but

brings a considerable computational challenge: calculating the minimum distance between all

samples. Several techniques were employed to minimize both runtime and memory usage, the

four main ones being: (i) random subsampling of the original �le as aforementioned, (ii) a

variation of the Hamming radius �lter of sample pair candidates, which we termed the metric

�lter 1, (iii) HMM-based multiple sequence alignment (MSA), and (iv) optimized distance

calculation1.

The Analysis task outputs an intuitive transmission network graph. The nodes represent

input samples, and the edges connect sample pairs that have subpopulations with a distance

below the threshold.

5.1.5 The computational platform

The GHOST back-end and HCV transmission analyzes are implemented using a combination

of Python, Cython, and command line programs. Python libraries include NumPy/SciPy for

general computational support, Biopython for sequence manipulation, regex for fuzzy regular

expression matching, h5py for data storage, and NetworkX for storage and processing of

transmission networks. The back-end execution is performed through Amazon Web Services

(AWS) using AWS Simple Storage Service (S3) for storage and Amazon Elastic Compute

Cloud (EC2). The initial pilot used 26 con�gured nodes, two acting as management nodes

and 24 acting as compute nodes. More recent iterations of the system use aws-parallelcluster

to manage a 200 node elastically sized compute cluster. At its minimum size, the cluster



consists of a management node and two compute nodes, but will automatically increase in

size to accommodate the current workload. This newer con�guration allows signi�cantly

larger tasks to be run. The front-end and middle-tier are a composite of technologies that

include HTML, D3, JavaScript, Java, JSON, and XML. A set of services was developed to

standardize communication from the front-end to the AWS platform: (i) the \Zuul" service

is responsible for moving data into and out of S3 and communicating with AWS components

using the AWS SQS API. Zuul also provides the status of task execution processes back to

users. (ii) The 'Stantz' service acts as a control point within the EC2 platform communicating

with Zuul and performing cluster management and oversight functions using the Open Grid

Engine and the Distributed Resource Management Application API (DRMAA) (Figure 5.2).

5.2 Results

5.2.1 Benchmarking

Runtime analysis was performed on the GHOST Quality Assurance (QA) platform, which

is identical to that of the production instance, except for the number of nodes in the EC2

con�guration, having 10 nodes (2 management, eight compute). Eight single-subtyped

unrelated samples in which no pairwise grouping triggers the metric �lter were chosen across

a range of �le sizes and used to perform speed testing on the GHOST instance of the QA tier

(Figure 5.3). The QC task was tested against a range of subsampling levels to determine its

e�ect on runtime (�gure 5.4). The runtimes were assessed for all samples submitted with

respect to the total execution time of the QC task, the minimum distance calculation portion



Figure 5.2 The technological layout of the GHOST system. From left to right: user uploading
Illumina demultiplexed sequence data; front-end public exposure, authentication, and message
forwarding; middle-tier control, messaging, and data management within the CDC, back-end
computation, and control management within the AWS environment.

of the analysis task time for all pairs and the combined time for both (Figure 5.5). The total

execution time of the QC task remained relatively stable with respect to the subsampling level

exhibiting a linear increase with small slope. The execution time of the minimum distance

calculation for all pairs was quadratic in the subsampling range tested. However, the pairs

generated by the samplesn are n(n� 1)
2 , and this can be observed at runtime when varying the

sample number while maintaining the number of nodes and the subsampling level constant

(Figure 5.6). With the current production con�guration, subsampling at the level of 20,000

read pairs, GHOST can process an entire MiSeq run in approximately 3 h.



Figure 5.3 Read count and quality statistics for samples used in runtime testing. The left
Y-axis represents the number of reads. The right Y-axis represents the PHRED quality score
average.

5.2.2 Reproducibility

A series of libraries with identical composition was used to evaluate the consistency of the

GHOST results. Six libraries were prepared from six commercially available serum samples,

each sample containing a single known HCV subtype. In each library, �ve samples were

prepared using a single specimen (1a, 1b, 2 k, 3a, and 6f), two samples were prepared using

a combination of specimens, a mixture of samples containing HCV subtypes 3a and 4a, one

mixture of 2a and 4a, and a negative control (Table 3.1). The libraries were divided into two

sets of three, and each set was sequenced using a di�erent MiSeq instrument. The GHOST

results of each of the six libraries were consistent in linkage (Figure 5.7, left side), except for



Figure 5.4 Runtime measurements for Quality Control tasks spanning subsampling levels of
10,000{100,000 read pairs. Unit of the Y-axis in minutes

library �ve which, due to loss of pellet during library preparation, did not contain a product

for one sample consisting of a combined serum mixture. Similarly to the negative controls,

this sample had an unusually low read yield, did not pass the GHOST secondary identi�er

�lter, and was automatically removed from further analysis (Figure 5.7, right side).



Figure 5.5 Total processing time for all samples of the speci�ed subsampling level to complete.
Y-axis in minutes



Figure 5.6 The all-pairs minimum distance calculation portion of the analysis task time with
varying number of input samples. Best-�t line calculated using the quadratic least squares
regression.



Name Source Subtype
T-1 Single 1a
T-2 Single 1b
T-3 Single 2k
T-4 Single 3a
T-5 Single 6f
T-6 Combination 2b/4a
T-7 Combination 3a/4a
T-8 none none



Figure 5.7 Dark blue balls represent unrelated samples. Light blue balls represent samples
in a cluster. Lines represent relatedness. Left shows GHOST linkage results for 5 of the
6 libraries constructed during the state health department GHOST Training in November,
2015. Right shows Library 5 GHOST linkage results, which showed the absence of T-4 due
to loss of pellet during library preparation.

5.2.3 Speci�city

To observe the rate of false links, sixteen unrelated epidemiologically HCV samples were

sequenced using two MiSeq runs in groups of eight (Unrelated Collection in Table 5.2).

One sample did not appear to have a product at the end of library construction, and the

sequence yield supported this observation. The remaining sample �les were then randomly

sampled (N = 20000) 10 times, and submitted to GHOST to obtain the transmission network.

As expected, GHOST analysis produced linkages only between sub-samples from the same

individual (Figure 5.8). In addition, no linkages were observed between subsamples of di�erent

origin, nor was there any linkage evident from intra-run read misassignment.



Collection Classi�cation Samples number Origin
G1-8 Unrelated 8 CDC Archive
T1-8 Unrelated 8 Arti�cial

Unrelated Collection Unrelated 16 CDC Archive
Transmission Collection Related 8 Outbreak
Time Series Collection Related 8 CDC Archive

Spike Collection Related 8 Arti�cial



5.2.4 Sensitivity

The following test was devised to observe the recovery rate of the expected linkages with a

varying level of random sampling. Three libraries were created from sample collections with

various types of shared populations to survey GHOST's link detection sensitivity in these

shared population types at a progressively declining random sampling level. The collections

included 8 samples containing 3 pairs with accompanying epidemiological evidence supporting

intra-pair transmission (Transmission Collection in Table 2), 8 samples collected from four

HCV-infected individuals in time series pairs with varying time intervals between collection

points (Time Series Collection in Table 2), and 8 samples that included 3 spiked serum

mixtures at 10%, 1%, and 1% mixture levels (Spike Collection in Table 2). These 3 libraries

were sequenced using 3 separate MiSeq runs and submitted to GHOST with an exponentially

decreasing subsampling parameter (N = 104 � 101). Both the Transmission and Time Series

Collections persisted in maintaining the expected linkage fromN = 104 to N = 102, but

only retained 27% and 35% of the expected links at theN = 101 level, However, they both

retained 100% expected linkage with the minimum frequency �lter relaxed to 1 from the

default of 2. The Spike Collection showed a more gradual nature in the decline of links

formed as the random sampling level decreased. For all collections, there were no instances

of unexpected links observed Table 5.3).



Figure 5.8 GHOST output for ten-fold subsampling (N = 20000) of 16 samples with no
epidemiological evidence of intra-group transmission. Fifteen clicks are present, as one sample
did not have su�cient product for sequencing, and subsequent sequence subsets did not pass
the GHOST preprocessing �lters.



Table 5.3: Table 3 GHOST accuracy at subsampling

levels N = 104 to N = 101. The �nal column shows

linkage percent when the �lter requirement for the mini-

mum frequency of a unique sequence to create linkage is

reduced from the default of 2 to 1

Dataset Links expectedN = 10000 N = 1000 N = 100 N = 10 (m = 2) N = 10 (m = 1)
Transmission 30 100.00% 100.00% 100.00% 26.67% 100.00%
Time Series 40 100.00% 100.00% 100.00% 35.00% 100.00%

Spike 40 100.00% 75.00% 27.50% 0.00% 57.50%



5.3 Discussion

5.3.1 Transmission Detection

GHOST allows the accurate and cost-e�ective detection of possible HCV transmission

clusters with high reproducibility, sensitivity and speci�city. Traditionally, phylogenetic

reconstructions are used to determine ancestral relationships. The core pipeline of GHOST

works by calculating genetic distances and reporting a link where the distance is below an

experimentally validated threshold2. This threshold method is computationally e�cient and

allows for a graphical representation of the expected transmission network that is intuitive

for users.

GHOST analysis is intended to be easy to execute with output results that are easy

to interpret, but it is important to state the limits on what can be inferred. In a real-life

scenario with HCV-infected individuals whose infections are derived from a common source

population, there are multiple possible chains of events that could explain the causality of the

occurrence. It is not always known whether a common source was sampled during outbreak

investigations. Furthermore, there could be any number of individuals not included in the

cohort who are points in the transmission chain between the study participants and their

common source. In its current state, GHOST cannot be used to make assertions of source

identi�cation or the directionality of transmission. GHOST is intended to be used as a tool

for the detection of transmission clusters, and although GHOST analysis may aid and support

a particular hypothesis, traditional epidemiological investigations into such claims remain

necessary.



GHOST's current distance threshold (3:7%) developed using End-Point Limiting-Dilution

(EPLD) data and validated on the 454 platform (Life Sciences, Roche) data2 was applied here

to Illumina data, which are usually more abundant. An increase in the read sample size was

shown to result in a greater probability of identifying shared or genetically close intrahost

HCV variants in samples obtained from epidemiologically de�ned transmission pairs without

a�ecting genetic relatedness between unrelated samples2, thus improving the reliability of

detection of transmission links. Hence, the GHOST-based analysis of the Illumina data using

the established threshold provides a more reliable estimate of transmission clusters than the

analysis of sequences generated using EPLD and 454 technologies. Recently, new methods

have been developed that make use of sample-speci�c di�erences59,86. The application of

advanced clustering techniques and probabilistic evolutionary models in conjunction with

the implemented GHOST work
ows should further improve the reliability of transmission

detection.

5.3.2 Genotyping

Genotyping information is provided to characterize the HCV sequences found within a sample

to the subtype level. It should be noted that GHOST uses HVR1 in calculating sample linkage

because the high rate of evolution is conducive to the determination of recent transmission

events. However, this rate of evolution in conjunction with the region's small size are not

conducive to accurate genotyping at the subtype level. The subtype assignment is used in

GHOST only to cluster sequences in QC tasks. This clustering was not intended for an

accurate assessment of subtypes that have little bearing on the detection of transmission links.



Although care was taken to make the genotyping assertions as consistent and accurate as

possible, sequence assignments to some rare subtypes using HVR1 employed in GHOST may

hypothetically di�er from assignment using other HCV genomic regions and, if important,

should be supported by supplemental evaluation.

5.3.3 Experimental Considerations

Early e�orts in the transition of GHOST from 454Jr-based to MiSeq-based were challenging

due to GHOST's high level of sensitivity in detection of minority variants combined with a

broad spectrum of multiplexing errors inherent to the platform. The introduction of a second

set of identi�ers in the library construction protocol was essential but not entirely su�cient

to eliminate all falsely assigned reads. The restriction requiring a minimum frequency of 2

for any sequence to participate in linkage, combined with the restriction requiring a 25%

maximum of valid but non-majority secondary identi�ers detected per sample, has thus far

been shown to be reliable in eliminating false positive links. However, these two restrictions

may be adjusted as warranted by validating with data as the GHOST pilot progresses.

As with any experimental procedure, GHOST can be greatly a�ected by the quality of

input data that go into the analysis. The GHOST software is designed to produce accurate

results despite various common types of NGS sequence irregularities. However, laboratory-

related contamination and other types of quality control issues can produce erroneous results.

Not all of these laboratory-based issues can be resolved using software alone. However,

the application of automated laboratory equipment and robotic workstations, in addition

to reducing human errors, o�ers automatic availability of additional data associated with



the processing of each serum sample tested in each laboratory procedure, providing the

opportunity to develop novel quality control models for tracking potential laboratory artifacts

a�ecting the accuracy of transmission detection.

5.3.4 Modularity

Although GHOST's current analysis is for the detection of HCV transmission, the modular

nature of GHOST potentially allows for other analytical modules using the same amplicon

data. For instance, it has been shown that intra-host variability is correlated with the duration

of the infection60,10,18, which can be used to infer directionality in transmission events and

distinguish between acute and chronic cases. This will be crucial for both supplementary

support and when alternative targets are needed in lieu of a failure to sequence the primary

target. GHOST is not HCV speci�c. The modular GHOST infrastructure is accommodative

of any model, including models for other hepatitis viruses or any other pathogens. Currently,

we are exploring the application of this system in a diversity of di�erent pathogen-speci�c

applications.
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CHAPTER 6

Conclusions

Detection of transmission networks in real time during outbreak investigation and surveillance

activities is crucial to the implementation of timely public health interventions to interrupt

transmissions. Molecular epidemiological investigation is very complex and requires experience

in molecular technologies, epidemiology, and computational analysis.

GHOST faces unique challenges as it is being used routinely. Initially, many of these

challenges can be di�cult to approach due to many unknown factors of HCV infection and

experimental artifacts. To address the large amount of data that is submitted to GHOST.

A fast and e�cient three-step �ltering strategy was developed that removes most sequence

comparisons. It can accurately establish transmission links for any threshold-based method.

This work
ow will allow for faster response and molecular detection capabilities.

The pilot of the technology enabled the identi�cation of several new QC problems that

a�ected GHOST performance and accuracy. QC models developed here improved the

protection of the system and users from erroneous data and inaccurate inferences. GHOST

was upgraded to include new functions for the identi�cation of causes of erroneous data and

the recommendation of corrective actions to laboratory users.

GHOST is a web-based technology that allows for the automatic extraction of public

health-relevant information from NGS data. It enables end users, regardless of their level

of expertise, to analyze and visualize expected transmission clusters. It is a cost-e�ective,

standardized and real-time way to support outbreak investigation and molecular surveillance.
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B Quality Control Filter Descriptions

GHOST QC �lters listed in order of execution. All �lters except for \Primer dimer" are

discussed in detail in Longmire et al., [4]

1. Filter Name Ambiguity

Position Before random sampling

Description After standard demultiplexing, read pairs are �ltered out if a read has

more than three N's.

2. Filter Name Primer Dimer

Position Before random sampling

Description Checks for the existence of primer dimers or non-specifc product. For

each read pair, this �lter inspects the forward read for forward primer using the

same search parameters as the �lter dedicated to primer veri�cation and read

orientation. Once found, the reverse complement is searched for the reverse primer.

If the distance between the forward and reverse primers is found to be less than the

threshold set in the �lter dedicated to read length (185 bp), the pair is discarded.

If both primers are not found, the process is repeated with the reverse read.



3. Filter Name Short Read

Position Before random sampling

Description Read pairs are �ltered out if either read has a length less than 185 bp.

4. Filter Name MID Mismatch

Position Before random sampling

Description Each identi�er on both forward and reverse reads are examined and the

pair is discarded if either identi�er is found to not be an exact match to a given

list of valid identi�ers.

5. Filter Name Minority MID

Position Before random sampling

Description Pairs containing valid identi�ers are discarded if they are not a constituent

of the majority identi�er tuple. If 25% or more of the read pairs are found to

contain valid identi�ers that are not the majority tuple, the entire sample is

discarded from analysis without further processing.

6. Filter Name Primer veri�cation

Position After random sampling

Description Primer sequence patterns are searched for in the forward and reverse

reads. Primer sequences are located in each read using fuzzy matching and only

allow substitutions � 2, insertions (relative to the reference)� 1, deletions (relative

to the reference)� 1, and a combination of total errors� 3. Read pairs where



either primers cannot be found are discarded. The primer locations are used to

orient the reads into the uniform orientation.

7. Filter Name Casper Mismatch

Position After random sampling

Description Read pairs are uni�ed into a single error-corrected sequence using the

Casper error correction method with a quality threshold of 15, k-mer length of 17,

k-mer neighborhood of 8, and minimum match threshold of 95%. Overlap �tness

is evaluated by the classical Hamming Distance. The overlap corresponding to

the highest ratio of correct positions to overlap length is selected, with the longest

overlap being preferred in the event of there being more than one overlap with

equal ratios.

8. Filter Name Nonsense

Position After random sampling

Description Merged sequences are discarded if a nonsense-free reading frame cannot

be found.



C Quality Control Event Descriptions, Triggers, Actions, and Noti�cations

Certain metrics collected during quality control are used to trigger actions for particular

samples. These actions include issuing warning messages to users but still accepting the

sample, rejecting the sample in full, and notifying CDC of exceptional circumstances. This

appendix lists the triggers, actions, and messages which can result from the quality control

checks.

1. Event Poor quality

Action Warn

Indicator Casper mismatch �lter > 95% PNN data

Noti�cation In sample X, the Casper alignment step discarded high level of pairs due

to mismatches.

Suggestion Please ensure the quality of ampli�cation reagents not compromised (check

polymerase expiration date, proper storage conditions, quality of primers). Please

con�rm the concentration and quality of pooled library and ensure the correct

concentration loaded on the chip. Check the expiration date on the MiSeq reagent

kit.

2. Event Poor puri�cation

Action Warn

Indicator Primer dimer �lter > 95% PNN data

Noti�cation In sample X, the primer dimer �lter shows a high level of pairs discarded



Suggestion Please check the concentration of primers (barcode and index) and review

magnetic beads cleaning procedure. Ensure the quality of your �nal pooled library

exceeds 95% purity.

3. Event Negative or loss of product detection]

Action Reject, warn

Indicator Primer dimer �lter > 0:785 or minority MID �lter > 0:11

Noti�cation Sample X was determined to be either a negative control or su�ered a

loss of product during library preparation.

Suggestion If this was not intended to be a negative control, please check samples

proximity to an intended negative control, and if the negative control passes, con-

sider that there may have been mislaballing. Please repeat the library preparation

for this sample.

4. Event Unclassi�ed sequences form dominant population for sample

Action Warn, Notify CDC

Indicator Proportion of sequences that cannot be classi�ed is higher than for any

other subtype.

Noti�cation Sample X cannot be classi�ed. CDC/DVH has been noti�ed. Please

wait to be contacted by CDC sta�.

5. Event Subtype classi�cation issues

Action Warn



Indicator Sequences within the population has a best subtype match and second best

subtype match with ratio < 2

Noti�cation For sample X, ambiguous subtype classi�cations have been detected.

Suggestion Please note that this sample's subtype is questionable.

6. Event Chordless cycle detected

Action Warn, notify CDC

Indicator Analysis task contains a chordless cycle of 4 nodes or more

Noti�cation Chordless cycle detected in samples X, Y, and Z. Please check for signs

of contamination between samples X, Y, and Z, and repeat library if feasible.

7. Event Residual read-pair level too low

Action Reject

Indicator Read pair count <10,000 after all other �lters execute

Noti�cation Sample X does not have enough reads after all �lters execute to proceed.

Please review the sample preparation for sample X. Repeat this sample in next

library if feasible. If not, contact ghost@cdc.gov about relaxing read pair level

restrictions.
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