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A B S T R A C T

The ever decreasing cost and increase in throughput of next generation sequencing (NGS) techniques have
resulted in a rapid increase in availability of NGS data. Such data have the potential for rapid, reproducible and
highly discriminative characterization of pathogens. This provides an opportunity in microbial risk assessment to
account for variations in survivability and virulence among strains. A major challenge towards such attempts
remains the highly dimensional nature of genomic data versus the number of isolates. Machine learning-based
(ML) predictive risk modelling provides a solution to this “curse of dimensionality” while accounting for in-
dividual effects that are dependent on interactions with other genetic and environmental factors. This pilot study
explores the potential of ML in the prediction of health endpoints resulting from shigatoxigenic E. coli (STEC)
infection.

Accessory genes in amino acid sequences were used as model input to predict and differentiate health out-
comes in STEC infections including diarrhea, bloody diarrhea, hemolytic uremic syndrome and their combi-
nations. Outcomes severity was also distinguished by hospitalization. A matrix of percent similarity between
accessory genes and the E. coli genomes was generated and subsequently used as input for ML. The performances
of ML algorithms random forest, support vector machine (radial and linear kernel), gradient boosting, and logit
boost were compared. Logit boost was the best model showing an outcome prediction accuracy of 0.75 (95% CI:
0.60, 0.86), an excellent or substantial performance (Kappa= 0.72). Important genetic predictors of riskier
STEC clinical outcomes included proteins involved in initial attachment to the host cell, persistence of plasmids
or genomic islands, conjugative plasmid transfer and formation of sex pili, regulation of locus of enterocyte
effacement expression, post-translational acetylation of proteins, facilitation of the rearrangement or deletion of
sections within the pathogenic islands and transport macromolecules across the cell envelope. We propose
further studies are proposed on the proteins with undefined or unclear functionality. One protein family in
particular predicted HUS outcome. Toxin-antitoxin systems are potential stress adaptation markers which may
mediate environmental persistence of strains in diverse sources.

We foresee the application of ML approach to the set-up of real-time online analysis of whole genome se-
quence data to estimate the human health risk at the population or strain level. The ML approach is envisaged to
support the prediction of more specific STEC clinical endpoints type by inputting isolate sequence data.

1. Introduction

Shiga toxin-producing E. coli (STEC) represent a diverse category of
enteric pathogens associated with gastrointestinal disease of varying
severity such as diarrhea, severe diarrhea (hemorrhagic colitis), he-
molytic uremic syndrome (HUS), other chronic sequelae following in-
fection such as irritable bowel syndrome and end-stage renal disease or
death (Franz et al., 2014; Spinale et al., 2013).

The population structure and emergence of STEC which are not part
of the common O157 STEC are increasingly recognized and this has
complicated the realization of accurate microbial risk assessment
(MRA) (Franz et al., 2014). For successful infection and illness by STEC,
the sequence of events include ingestion, survival through the acidic
upper gastrointestinal (GI) tract, and colonization of the lower GI tract
(Thorpe, 2004). The locus of enterocyte effacement pathogenicity is-
land (LEE locus) has been described as a mechanism by which the lower
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GI tract is colonized (Paton and Paton, 1998). LEE positive STEC have
therefore been associated with the majority of STEC outbreaks. How-
ever, a diverse LEE negative non-O157 STEC have been implicated in
severe illness outbreaks in Europe and the United States (Buvens et al.,
2012; Cooper et al., 2014; Gould et al., 2013; Johnson et al., 2006;
Preußel et al., 2013). The variation in disease risk from LEE-positive
STEC coupled with the association of some LEE-negative STEC strains
with illness suggests the possible role of “exchangeable effector loci” in
STEC pathogenesis (Coombes et al., 2008; Tobe et al., 2006). It is
therefore important for microbial risk assessment to account for var-
iations in risk of illness by STEC due to population structure and
emergence of new STEC strains.

Seropathotype classification has been proposed in efforts to account
for the diversity of disease risk outcomes ranging from asymptomatic
infection, mild diarrhea, to severe disease such as HUS and hemor-
rhagic colitis (Karmali et al., 2003). However broad grouping into
serotypes does not account for variations in epidemiological outcomes
such as disease risk or geographic variation in the distribution of
strains. Molecular sub-typing tools provide an opportunity to refine risk
assessment by taking into account detailed variations in strains and the
associated disease risk between strains within STEC. Molecular biology
methods such as microarray and high-throughput PCR systems tar-
geting virulence profiles exist (Bruant et al., 2006; Bugarel et al., 2010;
Gonzales et al., 2011). Moreover, whole genome sequencing provides a
greater potential input for improved microbial risk assessment because
data are not restricted to a specific choice of target genes. Sequence
data can also yield further details such as serotype, virulence and an-
tibiotic resistance profiles, and genetic variations such as SNPs. Fur-
thermore, genomic sequences coupled with epidemiological outcomes
provide a potential for the discovery of additional biomarkers ex-
plaining variation in risk for pathogenic E. coli. This provides an op-
portunity to harness the recent increase in throughput and decreased
cost of whole genome sequencing, which has resulted in a rapid in-
crease in available sequence data (Leekitcharoenphon et al., 2014;
Pielaat et al., 2013).

Use of whole genome sequencing data for risk assessment in STEC
has the potential to support more effective risk-based monitoring pro-
tocols, effective public and veterinary health actions and clinical
management (Franz et al., 2014). WGS provides an opportunity in MRA
for rethinking the classical MRA steps namely hazard identification,
exposure assessment, and hazard characterization (Brul et al., 2012).

Several authors have recently reviewed the steps towards use of
WGS data in MRA (Brul et al., 2012; Carriço et al., 2013; Havelaar et al.,
2010; Pielaat et al., 2013) and an initial example has been reported
(Pielaat et al., 2015). The defining step towards the use of WGS data in
MRA involves deriving the association between WGS data or its deri-
vatives to health outcomes. However, the high dimensionality issue
posed by the high number of potential predictors from WGS data in
relation to the number of isolates or sample size presents a key chal-
lenge in the application of statistical modelling techniques. Statistical
models are either poorly fitting or over-fitting in such circumstances
whereas attempts to use data reduction methods may result in biolo-
gically less meaningful inference or the loss of important predictors
(Houle et al., 2010). Network analysis techniques (Okser et al., 2013)
and machine-learning algorithms (Breiman, 2001; Bureau et al., 2005;
Houle et al., 2010) have recently provided a family of techniques to
model highly dimensional datasets for risk prediction and to derive
features (e.g. genes) important for these predictions.

Machine learning algorithms are computer algorithms that improve
with experience (Libbrecht and Noble, 2015). These algorithms are
potentially robust methods for risk prediction with respect to microbial
pathogenesis which is often driven by genetically complex microbial
variations and their interactions. Such interactions are averaged out by
the use of statistical association methods (Okser et al., 2013). Risk as-
sessment based on machine learning algorithms enable the considera-
tion of both individual predictors as well as interactions with other

predictors, which may appear less relevant but nevertheless important
in unraveling the strain diversity and the associated variation in phe-
notypic outcomes (Okser et al., 2013). MRA based on such algorithms
provides an opportunity to capture genetic variations acquired over
time, thereby, contributing to the early identification of strains with
new virulence characteristics. Machine learning algorithms have been
instrumental in cancer research progress, where important information
has been revealed including patient genotypes, gene expression related
phenotypes and patient outcomes (Griffith et al., 2013; Libbrecht and
Noble, 2015; Shipp et al., 2002; Whitney et al., 2015). The use of
machine learning algorithms in exploring genetic determinants of an-
timicrobial resistance has been previously reported (Davis et al., 2016;
Drouin et al., 2014; Santerre et al., 2015).

We describe in this pilot study a hazard characterization approach
in support of increased precision risk assessment applying WGS data for
strain rather than whole taxon specific hazard identification, exposure
assessment and future illness outcome specific dose-response relation-
ships in risk assessments. Further inference is made concerning relevant
genetic features from a complex WGS data that uniquely define STEC
clinical outcomes and the survival potential of isolates in differing en-
vironments. We envisage this as a first step towards the set-up of web-
based tools for the analysis of WGS data from STEC with an aim of
predicting the epidemiological risk or health burden at the strain level.
The ML approach described here is foreseen as a more specific hazard
characterization tool enabling the prediction of the STEC clinical end-
points including diarrhea, bloody diarrhea and HUS or their combina-
tions given isolate sequence data.

2. Materials and methods

2.1. STEC strains

STEC isolates used in this study were collected over 5 years from a
project recently reported by Holmes et al. (2015). This strain panel
included: (i) 10 cases collected over 11months from an outbreak linked
to unwashed vegetables in the United Kingdom (UK), (ii) isolates with
place and time epidemiological association (8 clusters from single-
households, 1 cluster from two farm related households, and 1 cluster
that was linked to travel), and (iii) sporadic isolates from 27 patients
which were possibly related to travel outside the UK. The metadata
associated with the study, DNA isolation, sequencing and availability of
the sequencing data are outlined in the manuscript and in the Supple-
mental material by Holmes et al. (2015) available at http://jcm.asm.
org/content/53/11/3565/suppl/DCSupplemental. The diverse strains
belonged to ten different multilocus sequence types (STs). A bottleneck
in the use of WGS data for MRA is the lack of reproducible health end-
points linking genotypic to phenotypic data. This dataset was unique in
that patients had been interviewed for information including severity of
infection, travel history, epidemiological linkage and specific source of
infection (Holmes et al., 2015). It was, therefore, possible to use clinical
endpoints including diarrhea, bloody diarrhea and HUS or their com-
binations as model outcome or dependent variables in the risk assess-
ment. The severity of these outcomes can also be distinguished by cases
requiring hospitalization (Holmes et al., 2015; Preußel et al., 2013) and
the clinical outcomes were therefore further sub-categorized into clin-
ical outcome accompanied by hospitalisation versus not accompanied
by hospitalization.

2.2. Bioinformatics

The model input consisted of accessory genes in form of amino acid
sequences. A previously reported approach was used for identification
of gene clusters (Binnewies et al., 2005; Friis et al., 2010). In order to
obtain gene families, predicted genes in amino acid sequences were
determined based on the assembled genomes of the E. coli dataset using
Prodigal (version 2.5.0) which is a software for gene recognition and
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translation initiation site identification in prokaryotic genomes (Hyatt
et al., 2010). Predicted genes were aligned all-against-all using BLASTP,
a Basic Local Alignment search tool (NCBI-blast version 2.2.31+)
(Camacho et al., 2009) using protein sequences whose query and da-
tabase sequences are protein sequences. Genes were grouped into the
same gene family, if the alignment length and percent similarity were at
least 50% (the “50/50 rule”). A blast hit (alignment hit) was considered
significant if the alignment covered at least 50% of both sequences, and
contained at least 50% identities. Gene families from all genomes were
compared. Core genes were built from the intersection of gene families
shared by every genome in the analysis. Any gene family that was not
part of the core genes was considered as an accessory gene. The number
of the core and accessory genes was 2739 and 5737 genes respectively.
The size of accessory genes was 2.9MB. A matrix of percent similarity
between the 5737 accessory genes in amino acid sequences and the E.
coli genomes was generated and subsequently used as input for further
modelling.

2.3. Predictive modelling

The aim was to link genetic composition of the STEC strains with
clinical outcome in humans. Machine learning algorithms were applied
as a design-learn-test protocol (Libbrecht and Noble, 2015). We hy-
pothesize that the machine learning models can recognize certain ge-
netic patterns from the input data and further use this to predict out-
comes in an unknown sample where only sequence data are presented.

Fig. 1 presents an illustration of the machine learning workflow.
Machine learning models include supervised, semi-supervised or

unsupervised learning algorithms. We used supervised learning which
allows the classification of patterns in the dataset (also referred to as
instances or features) into a set of categories (also referred to as classes
or labels) (Rokach, 2010). Classification models (also known as classi-
fiers) are induced from a set of pre-classified patterns (Rokach, 2010). A
training set which is a subset of the original instances whose labels are
known is used to construct an algorithm (inducer) whose particular
instance is referred to as a classifier. This classifier labels new instances
in the dataset after learning from the known instances in the training
set.

Classification algorithms were used for the discrete categories of
illness outcome. Classification of new categories involves the identifi-
cation of the discrete class of a new observation from a training set.
Classification is made using the decision yc= fc(X,θc), ycϵƵ where X is
the new observation's feature vector, yc is the new observation's cate-
gory, fc(.) is the classification function resulting from the training, θc is
the parameter set for fc(.) and Ƶ is the set of class labels (Ren et al.,
2016). For instance the aim may be to build a classification system for
E. coli isolates in this study which may be associated with clinical
endpoint HUS (yHUS) from the set of clinical endpoints (Ƶ) consisting of
diarrhea, bloody diarrhea and HUS or their combinations. This classi-
fication function fc(.) can be used to predict the class of an unknown
isolate which in this case is illness outcomes following STEC infection.

Modelling was performed using ensemble methods. Among

Fig. 1. Machine learning workflow for predicting STEC infection outcome using whole genome sequencing data. A training set of protein families consisting of data
from a proportion of the isolates used as a machine learning input together with the clinical outcome (Hemolytic Uremic Syndrome (HUS), diarrhea, bloody diarrhea
and hospitalization) associated with each isolate. A test set was used to evaluate the performance of the models with cross validation performed by splitting the data
into 10 training and test sets followed by a repeat of model training and evaluation.
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classification methods, ensemble methods have yielded more accurate
models in many fields of applications (Zhou, 2012). Ensemble methods
aggregate multiple weighted models so as to yield a unit model which
outperforms every of the constituent single models (Ren et al., 2016).
This family of models include methods such as bootstrap aggregation
(bagging), adaptive boosting (boosting) and random forest, decom-
position methods, negative correlation learning methods, multi-objec-
tive optimization based ensemble methods, fuzzy ensemble methods,
multiple kernel learning ensemble methods and deep learning based
ensemble methods (Ren et al., 2016).

2.3.1. Models
Machine learning models were evaluated from algorithms that have

been used in genetics including random forest (RF) (Machado et al.,
2015; Ogutu et al., 2011), support vector machine (SVM) (radial and
linear kernels) (Kuhn, 2008; Ogutu et al., 2011), and logit boost (LB)
(Kuhn, 2008).

Random forest machine learning exhibits a number of appealing
properties of potential interest for predictive risk modelling using WGS
data including: (i) RF performs well in situations where number of
features far exceed that of samples, (ii) it is robust and benefits from
predictors showing weak effects, high correlations and interactions, (iii)
has shown high accuracy for both simple and complex classification as
well as regression problems, (v) has modest fine-tuning requirements
for parameters, such that default parameterization is also adequate in
many instances, and (vi) no assumptions are made about the distribu-
tion associated with the predictor variables (Ogutu et al., 2011).

Support vector machine (SVM) represent a class of powerful,
highly flexible modelling techniques which are robust to outliers (Kuhn,
2008). The method applies kernel functions of inner products of pre-
dictors by arraying predictors in the observation space using a set of
inner products (Hastie et al., 2009).

Logit boost (LB) and stochastic gradient boosting methods are part
of a boosting family of algorithms which appeared in the early 1990s
(Freund, 1995; Freund and Schapire, 1999; Schapire, 1990). In
boosting, a number of weak classifiers (a weak classifier in one that
predicts marginally better than random) are coalesced (or boosted)
resulting in an ensemble classifier with a superior generalized classifi-
cation accuracy (Kuhn and Johnson, 2013). Algorithms evolved be-
ginning with AdaBoost and later on to Friedman's stochastic gradient
boosting (GB), which has received extensive acceptance as the
boosting algorithm of choice for machine learning applications. Like
random forests, GB models process interactions effectively, are able to
select variables automatically, are robust to outliers, missing data,
many correlated as well as less important variables, and variable im-
portance can be similarly generated.

All analyses were conducted in R Version 3.2.3 and the dataset as
well as the R code are presented in Supplemental material.

2.3.2. Data exploration
The data were initially explored for zero-variance predictors as

proposed by Kuhn and Johnson (2013). Such predictors have unique
values at low frequencies and may further yield zero-variance pre-
dictors during subsequent splitting of the data into cross-validation/
bootstrap subsamples. Zero-variance predictors also lead to model fit
instabilities (Kuhn and Johnson, 2013).

2.3.3. Subsampling for class imbalances
Exploration of clinical outcome classes showed considerable class

imbalances (Supplemental Fig. 1). Such class imbalances may lead to
models with poor overall class specific performance (Velez et al., 2007),
because the model training process tends to be biased towards im-
portant patterns in the predictors associated with the larger classes.
Class balance may not be achievable with WGS data as most projects
depositing data do not set measures to a priori consider class balance of
clinical outcomes since sampling is driven by the epidemiological

situation. Post hoc sampling approaches have been proposed to miti-
gate the effects of the imbalance on the trained model (Kuhn and
Johnson, 2013). The lowest class frequency had a considerably low
number of samples and up-sampling was therefore chosen using an
approach available in the R environment (Supplementary material and
Supplemental Figs. 1 and 2). Logit boost learning method was used for
comparison of resampling effectiveness with 10 cross-validations.

2.3.4. Data splitting
Data were divided into training (70%) and testing sets (30%)

(Fig. 1). Resampling was also performed by 10 times cross-validation
using multiple alternate versions of the train and test datasets. The
possibility of overfitting in machine learning models is checked by
cross-validation and the model's valid accuracy where the accuracy
scores decrease if there is overfitting and only “valid accuracy” is used.
“Out of bag error” estimates (OOB) help safeguard against overfitting
for tree based methods. OOB is the mean prediction error on each
training sample xᵢ, using only the data that did not have xᵢ in their
bootstrap sample (Kuhn and Johnson, 2013). For each random sam-
pling during a model run, a sample is setaside and is used to assess
errors. Multiple rounds of cross-validation are performed using dif-
ferent partitions, and the validation results are combined (e.g. aver-
aged) over the rounds to give an estimate of the model's predictive
performance. Cross-validation was performed by randomly partitioning
model input samples into 10 sets of roughly equal size followed by
estimation of accuracy based on held-out samples. This held-out sample
was returned to the training set each time and the procedure was re-
peated with the second subset held out and so forth (Kuhn and Johnson,
2013).

2.3.5. Model selection
Machine learning models RF, SVM (radial and linear kernels) and LB

were evaluated. Different techniques possess potentially useful char-
acteristics depending on the type of data and the methods were eval-
uated for predictive performances.

Models were built with 10 times cross validation by random data
splitting, training of the models, making predictions and recording of
accuracies after each run using the caret packages for the R statistical
environment (Kuhn et al., 2012; Liaw and Wiener, 2002) (Supple-
mentary material). Cross-validation and parallel processing were en-
abled by the inclusion of a train control parameter.

Analysis of variance, at significance alpha value of 0.05 was used to
analyze the differences in mean accuracy between the models.

2.3.6. Model evaluation
A confusion matrix was plotted as an initial model accuracy check

by cross-tabulating observed and predicted classes. The confusion ma-
trix describes the performance of a classification model on a set of test
data for which the true values are known. Accuracy scores are also
calculated from the confusion matrix as:

+(True Positive True Negative)/Total

Accuracy depicts the agreement between the observed and pre-
dicted classes. Posterior distribution of the balanced accuracy (balanced
accuracy) rather than the use of average accuracy was used to calculate
the accuracy over the 10 fold cross-validations. The average accuracy
approach does not yield meaningful confidence intervals and also leads
to an optimistic estimate when a biased classifier is tested on an im-
balanced dataset (Brodersen et al., 2010). Cohen's Kappa was used for
further inference from the confusion matrix diagnosis for the accuracy
of class distributions. Kappa statistic values range from −1 to 1 such
that zero values imply no agreement between the observed and pre-
dicted classes, whereas values of 1 suggest perfect agreement. Two of
the proposed cut-off values were used to make conclusions about the
model accuracies. These include Kappa statistic values of
“0–0.20= slight”, “0.21–0.40= fair”, “0.41–0.60=moderate”,
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“0.61–0.80= substantial”, and “0.81–1= almost perfect” as proposed
by Landis and Koch (1977). Another option suggested by Fleiss et al.
(2003) involves a description of models with Kappa values > 0.75 as
excellent, 0.40–0.75 fair to good, and<0.40 as poor. Prediction ac-
curacy of clinical outcome categories was assessed based on sensitivity,
specificity, positive predictive value and negative predictive value. The
positive predictive value is the probability that subjects with a positive
screening test truly have the disease while the negative predictive value
provides the probability that subjects with a negative screening test are
truly disease negative (Altman and Bland, 1994).

2.3.7. Variable importance
Gene families important in predicting clinical outcomes were se-

lected. Variable or feature selection identifies unnecessary, irrelevant
and redundant features from data that either make negligible con-
tributions to the accuracy of a predictive model or may even decrease
the accuracy of the model. Use of fewer predictors is advantageous
because it reduces model complexity. The aim of important gene se-
lection was to allow selection of predictors yielding improved model
performance and efficiency. These predictors may be genes associated
with certain clinical outcomes and epidemiological inference con-
cerning single isolates provides a better understanding of the under-
lying virulence and stress response. Model-based rather than outside
variable importance measures allow better performing models to be
used for variable selection while incorporating the correlation structure
between the predictors in variable selection. However, over-pruning of
the input data set may result in seclusion of some relevant features. We,
therefore, compared the model based important feature selection from
logit boost with that of two other approaches. These approaches in-
cluded Boruta algorithm (Kursa, 2014) which find all features which
are either strongly or weakly relevant to the decision variable. Feature
selection was also performed using a recursive feature elimination
method involving backwards selection followed by cross-validation.
Proteins represented by important genes were predicted by blasting
their amino acid sequences in BLASTP (NCBI) (https://blast.ncbi.nlm.
nih.gov/Blast.cgi?PAGE=Proteins) followed by comparison of predic-
tions with those from the database Uniprot (http://www.uniprot.org).

2.4. Data availability

Identification codes and accessory protein amino acid sequences of
the protein families used as input are provided in Supplemental table
and Supplemental data.

3. Results

3.1. Clinical outcomes and strain characteristics

Out of the initial 5737 protein clusters, 4255 were near zero var-
iance predictors and therefore a final 1482 were selected for further
modelling. The associations between clinical outcome and MLST type,
lineage specific polymorphism assay (LSPA-6), stx-subtype and sub-
lineage type were assessed based on Pearson's chi-squared test (χ2). No
significant association was found between clinical outcome and MLST
type (p-value=0.68), LSPA-6 (p-value= 0.18), stx-subtype (p-
value= 0.52) and sub-lineage type (p-value=0.29).

The association between clinical outcomes and the covariates age
group and travel was also assessed. Age groups were divided into
children (< 10 years), youth (10–17 years), adults (18–59 years)
(Keithlin et al., 2014) and elderly (≥60 years). Clinical outcome was
significantly associated with age group (χ2= 25, 12 df, p-
value= 0.015). Due to the low frequency of travel versus clinical
outcome tabulated values, country specific travel cases were not con-
sidered and classes were collapsed into travel and UK domestic cases.
There was a borderline significant association between travel and
clinical outcome (χ2= 9.59, 4 df, p-value=0.048).

3.2. Predictive modelling

The initial model with class imbalances (Supplemental Fig. 1) per-
formed poorly at an accuracy of 0.28 (CI: 0.14, 0.47) and dismal Kappa
value of −0.05. Mitigation for this class imbalance was performed by
up-sampling cases from the minority classes with replacement until
each class had approximately the same number.

Table 1 shows results from the average accuracy for the 10 cross-
validations comparing both the original and up-sampled data. The re-
sults indicate that up-sampling significantly improved the model per-
formance to an accuracy of 0.78 (CI: 0.64, 0.89). A Kappa value of 0.72
indicated that this model performed substantially well according to
criteria by Landis and Koch (1977) and excellent according to the cri-
teria proposed by Fleiss et al. (2003).

3.2.1. Model selection
We compared the performances of the machine learning methods

random forest (RF), support vector machine (SVM) (radial and linear
kernels) and logit boost (LB). Model evaluation was based on average
accuracy from 10 cross-validations for the candidate models (Fig. 2).

Logit boost was the best performing model followed by SVM-linear
and RF respectively and these differences were statistically significant
(F-statistic: 3.7 on 4 DF, p-value: 0.01). Tukey multiple comparisons of
the mean accuracies, however, indicated that only SVM-linear versus
LB and SVM-linear versus SVM-radial were significantly different from
each other (p < 0.05). LB was chosen for further inference and the
agreement accuracy between LB and the other models were 0.81, 0.81,
0.83 and 0.81 for Random Forest, SVM-linear kernel and SVM-radial
kernel respectively.

3.2.2. Final logit boost model
The final LB model was trained using 70% of the data and tested

using the rest of the data (30%) and 10-fold cross-validation was ap-
plied to produce performance estimates. The accuracy of the model was
0.75 (95% confidence interval: 0.60–0.86) which was achieved after 11
iterations.

The Kappa statistic was 0.69, which is substantial according to
criteria by Landis and Koch (1977) and fair to good according to Fleiss
et al. (2003). Sensitivity, specificity, positive predictive, and negative
predictive values were all ≥0.8 except for the outcomes diarrhea and
bloody diarrhea, where there were lower values in some performance
measures (Table 2).

Table 1
Model performance for imbalanced data and after subsampling for STEC out-
come class imbalances using up-sampling.

Class accuracy Imbalanceda Upsampledb

D 0.55 0.69
D_BD 0.38 0.67
D_BD_H 0.51 0.92
D_BD_HUS_H 0.50 0.99
D_H 0.50 1.00
Average accuracy 0.28 (0.14–0.47) 0.78 (0.64–0.89)
Kappa −0.05 0.72

D - diarrhea, BD - bloody diarrhea, H - hospitalization, HUS - hemolytic uremic
syndrome, CI - confidence interval.

a Model from original data with unequal number of isolates per class.
b Model after mitigation for this class imbalance by up-sampling cases from

the minority classes with replacement until each class has approximately the
same number.
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3.2.3. Important predictor proteins
Most important predictor protein families included A0747, A0253,

A0259, A5715, A2240, A0434, A0702, A0710, A0712, A0882, A0899,
A0925, A0942, A3466, A3764, A4831, A4856, A0508, A0898, A0932
and A0960 (Fig. 3). The amino acid sequences corresponding to these
identification codes are provided in Supplemental table. Patterns of the
probabilities of the respective proteins in predicting a certain class
uniquely could be distinguished (Fig. 3) and we discuss here genes
uniquely predicting specific clinical outcome categories at prob-
abilities > 0.8. The proteins A0253, A0259 and A0747 predicted the
outcomes diarrhea with hospitalization or bloody diarrhea without
hospitalization. The protein A5715 predicted the outcome bloody
diarrhea with hospitalization and the sequela HUS with hospitalization.
The rest of the top predictor proteins namely A0434, A0508, A2240,
A0702, A0710, A0712, A0882, A0899, A0925, A0932, A0942, A0960,
A3466, A3764, A4831 and A4856 predicted bloody diarrhea accom-
panied by hospitalization (Fig. 3).

Due to the significance of the association between travel and clinical
outcome, we assessed the prediction probabilities of either travel or
domestic cases by the top predictor proteins (Section 3.1). The proteins
A0259, A0253 and A0747 which were also among the top four most
important predictors were associated at high probabilities with travel
cases (Supplemental Fig. 2).

Table 3 shows the most important predictor proteins and their
predicted identity or biological function, where this is known. Among
these 21 proteins, the roles of five are not defined and furthermore the
role that some of the other proteins play in virulence and therefore
enhanced risk was not clear.

4. Discussion

Microbial risk assessment has been widely incorporated as a scien-
tific basis for deriving measures for public health protection. The risk
can be prospectively estimated and many countries have adopted risk
based microbial criteria and legislation. It is common when conducting
hazard characterization during risk assessment to consider the species
as a homogeneous virulence unit when deriving parameters that define
dose-response. For instance, in the case of STEC, varying outcomes and
severity such as diarrhea, severe diarrhea, hemolytic uremic syndrome
(HUS) and other chronic sequelae have not been well distinguished in
MRA (Franz et al., 2014; Spinale et al., 2013). The heterogeneity of risk
posed by STEC is well known from the diverse population structure and
the associated emergence of non-O157 STEC which have been asso-
ciated with an increasing number of outbreaks. This complicates the
predictive accuracy of risk assessment efforts. WGS data provides an
opportunity to harness this variation in pathogenicity between micro-
bial strains from differing sources (Pielaat et al., 2013). One major
hurdle in translating microbial genotypic data to phenotypic clinical
outcomes lies in the high dimensional nature of the data and a complex
interaction between genetic factors that define disease outcomes. Ap-
proaches such as single-variant association testing and GWAS studies
have been utilized in human disease to decipher the genetic variation
leading to particular traits and human disease. However these methods
have left a vast portion of the heritability unexplored and the clinical
utility of proposed individual and combined effects is still diminutive
(Maher, 2008; Okser et al., 2013). Machine learning methods provide
an opportunity in hazard characterization and risk prediction for the
interpretation of such large and complex data sets. This is because
machine learning techniques ‘learn’ to recognize important patterns in
the data (Libbrecht and Noble, 2015). This study proposes machine
learning as a hazard characterization approach in support of WGS based
microbial risk assessment by the accurate prediction of the STEC clin-
ical endpoints including diarrhea, bloody diarrhea and HUS or their
combinations with isolate sequence data as input.

A diverse sequence dataset from a diverse panel of STEC in terms of
MLST types, lineage specific polymorphisms (LSPA-6), stx-subtypes and
sub-lineage types from both sporadic cases and outbreaks was used to
train and evaluate machine learning models for their predictive po-
tential on clinical outcome. This resulted in a fairly accurate (Accuracy
of 0.75 with 95% CI: 0.60, 0.86) final LB model. Incorrect classifications
are often attributable to a diverse genetic population structure where
certain microbial strains associated with diverse disease phenotypes are
not accounted for (Okser et al., 2013; Tian et al., 2008). There is,
therefore, opportunity for classification improvement as sequencing
efforts yield more strains with further diversity. However, the

Fig. 2. Predictive performances from 10 cross-validations of random forest (rf), support vector machine (radial (svmr), Gradient Boosting (gbm) and linear kernels
(svml), and logit boost (lb) models. Error bars represent standard deviations.

Table 2
Model performance for shigatoxigenic Escherichia coli clinical outcome predic-
tions from the logit boost model.

Class

D D_BD D_BD_H D_BD_HUS_H D_H

Sensitivity 0.50 0.38 0.89 1.00 1
Specificity 0.87 0.95 0.95 0.97 1
PPVa 0.25 0.71 0.80 0.93 1
NPVb 0.95 0.81 0.98 1.00 1
Balanced accuracy 0.68 0.67 0.92 0.99 1

D - diarrhea, BD - bloody diarrhea, H - hospitalization, HUS - hemolytic uremic
syndrome.

a Positive predictive value.
b Negative predictive value.
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Fig. 3. Twenty one most important predictor proteins for Shigatoxigenic Escherichia coli clinical outcome presented by their relative importance and class prob-
abilities.
D- diarrhea, BD- bloody diarrhea, H -hospitalization, HUS- hemolytic uremic syndrome.

Table 3
Biological information regarding the top 21 predictor proteins for clinical outcomes.

IDa Predicted protein Predicted protein organism Predicted protein accession number

A0747 Tail fiber protein Escherichia coli O157:H7 str. K1793 EZB52764.1
A0253 mRNA endoribonuclease LsoA Escherichia coli WP_089564644.1
A0259 Antitoxin LsoB Escherichia coli WP_032345734.1
A5715 NAD-dependent malic enzyme Escherichia coli DORA_A_5_14_21 ETJ28701.1
A2240 Hypothetical protein ECH7EC4113_1978 Escherichia coli O157:H7 str. EC4113 EDU53199.1
A0434 Hypothetical protein ECTX1999_1477 Escherichia coli TX1999 EGX24327.1
A0702 Cobalamin biosynthesis protein CbiX Escherichia coli WP_097178501.1
A0710 traF protein Escherichia coli WP_095526288.1
A0712 Toxin co-regulated pilus biosynthesis Q family protein Escherichia coli WP_021503160.1
A0882 Hypothetical protein Escherichia coli WP_063106769.1
A0899 Conjugal transfer prepropilin Escherichia coli O157:H7 str. EC4401 EDU72803.1
A0925 Type II toxin-antitoxin system HicA family toxin Escherichia coli WP_074180779.1
A3466 Hypothetical protein ECDEC4C_1418 Escherichia coli DEC4C EHV11465.1
A3764 Type III secretion system LEE transcriptional regulator GrlA Escherichia coli WP_000444180.1
A4831 Acetyltransferase, partial Escherichia coli O157:H7 str. K2191 EZB98504.1
A4856 Putative transposase for insertion sequence element, partial Escherichia coli 2-156-04_S4_C2 KDX30686.1
A0508 Type IV secretory system Conjugative DNA transfer family protein Escherichia coli FRIK1999 EKH26420.1
A0898 CopG family transcriptional regulator Escherichia coli WP_085445835.1
A0932 Conjugal transfer protein TraD (plasmid) Escherichia coli O157:H7 str. EC4115 ACI39845.1
A0960 Hypothetical protein EC970246_A0059 Escherichia coli 97.0246 EIG93754.1

a The complete list of proteins and their sequences is described in Supplemental Table 1.
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bottleneck remains the scarcity of data on sequenced strains accom-
panied by a well-defined set of clinical outcomes.

Logit boost was selected as the best performing model both in ac-
curacy and agreement with other comparatively well performing
models. LB models render themselves particularly attractive choice of
learners due to a number of inherent theoretical and algorithmic fea-
tures (Ferreira and Figueiredo, 2012). LB is part of the boosting class of
machine learning methods which rely on combination of weak classi-
fiers to yield classifiers that perform better than the single classifiers. In
LB, adaptive Newton steps are used to fit an additive logistic model
where the logistic loss is minimized instead of minimization of the
exponential loss function (Ferreira and Figueiredo, 2012; Friedman
et al., 2000). Davis et al. (2016) recently used AdaBoost, a boosting
algorithm, for accurate prediction of carbapenem resistance in Acine-
tobacter baumannii, methicillin resistance in Staphylococcus aureus, and
beta-lactam and co-trimoxazole resistance in Streptococcus pneumoniae.

Although the presence of certain biomarkers constitutes only one of
a large repertoire of possible risk predictors, machine learning models
support the selection of subsets of features which may explain the dif-
ferences in disease risk outcomes. Such features constitute a subset with
best predictive potential and may increase our understanding of the
biological background of virulence outcomes (Glaab et al., 2012;
Libbrecht and Noble, 2015; Urbanowicz et al., 2012).

The four proteins A0747, A0253, A0259 and A3093 predicted the
occurrence of diarrhea with hospitalization or bloody diarrhea alone or
bloody diarrhea accompanied by hospitalization. The predicted protein
for A0747 is a putative tail fiber protein encoded by gene SS52_0295
which is associated with the tail fiber protein in Escherichia coli
O157:H7 str. K1793. Enterobacteria phage proteins are a structural
component of the short non-contractile tail which may attach to host
lipopolysaccharides (LPS) therefore facilitating initial attachment to the
host cell. Predicted proteins for A0253 and A0259 were LsoA (encoded
by gene LsoA) and LsoB (encoded by gene LsoB) respectively. These
proteins are part of the type II toxin-antitoxin (TA) system whose co-
expression is essential for cell survival. These genes co-occurred in 49
(47%) of the isolates and did not occur alone in any of the isolates.
Overexpression of LsoA without LsoB leads to retarded cell growth and
mRNA degradation. The TA system contributes to the selective persis-
tence of plasmids or genomic islands, including super-integrons, as a
result of the post-segregational death of a cell that loses these genes
thereby exposing the cell to destruction by the stable toxin (Van
Melderen and De Bast, 2009). Toxin-antitoxin systems are potential
stress adaptation markers which may mediate diversity in environ-
mental persistence of microbial strains.

The protein A5715 predicted the outcome HUS in addition to
bloody diarrhea and hospitalization. The predicted protein was NAD-
dependent malic enzyme encoded by gene maeA. It is important to
further elucidate the mechanism through which this protein contributes
to HUS especially because the results indicated this protein predicts
HUS. The STEC infection sequela HUS is known to be common for the
very young and old (Spinale et al., 2013). In this dataset, HUS was
however reported for all age groups. A test of association between age
and protein A5715 showed no significant association between STEC
containing this protein and the age of patients with HUS (χ2= 4.44, 3
df, p-value=0.22, power= 0.73 for a medium effect size of 0.3
(Cohen, 1988)) which points to a general association with HUS for all
age groups. However, this needs to be evaluated in future epidemio-
logical studies with larger sample sizes.

The rest of the proteins A0434, A0508, A2240, A0702, A0710,
A0712, A0882, A0898, A0899, A0925, A0932, A0942, A0960, A3466,
A3764, A4831 and A4856 predicted bloody diarrhea accompanied by
hospitalization. A0702 predicts cobalamin biosynthesis protein CbiX
and occurred in 49 (47%) of the strains. The role of cobalamin in host
infection may be related to the pivotal and well known role of iron in
infection. Both host and pathogen undergo a series of shared complex
changes in iron and vitamin B12 during infection. In E. coli, a similar

transport system for iron and vitamin B12 and similar source of binding
proteins for both are indicative of the possible role of cobalamin in E.
coli pathogenicity (Neale, 1990). However, previous studies using in-
fant-rat and chicken embryo models indicated no difference in viru-
lence between a cobalamin receptor deficient mutant E. coli strain and a
wild type (Sampson and Gotschlich, 1992). The higher bloody diarrhea
and hospitalization shown by strains having cobalamin biosynthesis
protein in our study suggest a possible important role in human STEC
infections of E. coli expressing this cobalamin biosynthesis protein
(Sampson and Gotschlich, 1992). Studies in Salmonella enterica serovar
Gallinarum indicated that a mutant defective in cobalamin biosynthesis
was half as virulent as the wild type in chickens (de Paiva et al., 2009).
The protein A0710 was predicted as traF protein which is encoded by
gene BX52_25085. TraF is encoded by E. coli F plasmid and plays a role
in conjugative plasmid transfer and formation of sex pili (Audette et al.,
2004). A0712 corresponded to the toxin co-regulated pilus biosynthesis
Q family protein of E. coli. This toxin connected to the pilus biosynthesis
family is also reported as an indicator for pathogenicity in V. cholerae
and may be part of the toxin repertoire leading to diarrhea gained by V.
cholerae from E. coli (Georgiades and Raoult, 2011). A0899 was pre-
dicted as the conjugal transfer prepropilin from Escherichia coli
O157:H7 str. EC4401 encoded by the gene CEP72_29710. A0925 was
predicted as type II toxin-antitoxin system HicA family toxin encoded
by Escherichia coli gene CEP72_29820. Like LosA and LosB, this is one of
the common toxin-antitoxin (TA) systems in bacteria composed of both
a stable “toxin” component and an unstable “antitoxin” (Jurenaite
et al., 2013). Whereas the toxins consist of proteins, the antitoxin is
either RNA (TA types I and III) or a protein (TA types II, IV, and V)
(Jurenaite et al., 2013). This antitoxin may, therefore, contribute to the
survival of the E. coli cells through plasmid stabilization as well as
guarding against toxin related growth retardation and cell death under
stressful conditions. This may mediate environmental persistence of
strains and successful passage after ingestion to the site of infection,
which leads to variations in exposure estimates in MRA.

A3764 was predicted as type III secretion system LEE transcriptional
regulator GrlA. Several regulatory elements control the gene function of
the locus of enterocyte effacement which is important for virulence in
pathogenic Escherichia coli especially with respect to bloody diarrhea.
The down-regulation of intracellular levels of GrlR, a negative regulator
of LEE gene expression is mediated through GrlA, a positive regulator of
LEE expression (Iyoda et al., 2006). This role of the protein GrlA was
apparent in the importance of this protein as a predictor of bloody
diarrhea and hospitalization in our study.

A4831 was predicted as acetyltransferase, from Escherichia coli
O157:H7 str. K2191. The E. coli Nϵ-acetyltransferase (PatZ) is the only
enzyme reported to catalyze the post-translational acetylation of pro-
teins where E. coli PatZ is uniquely acetylated in vivo with unknown
consequences (De Diego Puente et al., 2015). The most well-known
PatZ substrate is acetyl-CoA synthetase which is regulated by acetyla-
tion in bacteria such as S. enterica, E. coli, Bacillus subtilis, Rhodopseu-
domonas palustris and Mycobacterium tuberculosis most of which are
important pathogens (De Diego Puente et al., 2015). The role of this
protein in bloody diarrhea accompanied by hospitalization in STEC may
be of further interest.

A4856 was predicted as the putative transposase for insertion se-
quence element in Escherichia coli 2-156-04_S4_C2. Insertion sequences
(ISs) are ubiquitous and abundant mobile genetic elements in prokar-
yotic genomes normally responsible for the encoding of a single protein
referred to as the transposase which acts as a catalyst for their trans-
position (Díaz-Maldonado et al., 2015). The role of IS elements in the
evolution of pathogenicity can be attributed to their facilitation of the
rearrangement or deletion of sections within the pathogenic islands
which lead to the evolution of new variant strains and promotes strain
adaptation (Hallstrom and McCormick, 2014).

A0508 was predicted as a protein from the type IV secretory system
conjugative DNA transfer family. The type IV secretion system (T4SS) is
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a part of a group of secretion systems used by microorganisms to
transport macromolecules such as proteins and DNA across the cell
envelope (Wallden et al., 2010). Pathogenic Gram-negative bacteria
such as E. coli use some T4SSs to translocate a myriad of virulence
factors into the host cell as well as to transfer genes that enhance en-
vironmental adaptation and antimicrobial resistance (Wallden et al.,
2010). A0898 was predicted as CopG family transcriptional regulator
which regulates the plasmid copy number by binding to the RepAB
promoter. Finally, the protein A0932 was predicted as a conjugal
transfer protein TraD (plasmid) of Escherichia coli O157:H7 str. EC4115.
It has been proposed that the F sex factor TraD protein supports DNA
transfer during conjugation since although TraD mutants carry out
conjugation successfully, they are unable to transfer DNA (Panicker and
Minkley, 1992). Conjugative transfer supports adaptive evolution by
facilitating DNA transfer which may alter pathogenicity over a rather
short evolutionary distance in many broad-host-range plasmids in
bacterial pathogens (Seubert et al., 2003). These genetic elements de-
monstrate the potential or WGS based MRA in the study of genetic
elements associated with increased virulence and other important
phenotypes that could be transferred between strains. This contributes
to the dynamic nature of the microbial pathogen response to exposure
and infection leading to changes in the definition of microbial hazards
in MRA which can only be adequately captured by incorporating WGS
as input for classical MRA.WGS also presents an opportunity for pre-
dicting the source of the more important pathogen variants. The pro-
teins A0259, A0253 and A0747 were associated at high probabilities
with travel cases (Supplemental Fig. 2). This confirms the possible role
of the co-occurrence of the type II toxin-antitoxin (TA) system com-
ponents LsoA and LsoB on stress adaptation of STEC in diverse en-
vironments. Such E. colimaintain adaptive plasmids or genomic islands,
including super-integrons (Van Melderen and De Bast, 2009). Further
approaches such as pathway analysis are recommended to infer if re-
lated loci in the same biological pathway may jointly predict interesting
traits such as preservation stress survival, growth and/or virulence
which are of potential importance when performing microbial assess-
ment risk assessment along the food production chain (Okser et al.,
2013). Such predictive models linking genotypes to stress adaptation
and virulence will contribute to reduced requirements for laboratory
and food matrix model validations (Okser et al., 2013).

We also propose the role of the approach reported here in improving
hazard characterization in MRA. Past MRA has relied on historical
strains from selected cases to define and characterize hazards. This
assumes that the pathogen is a unit and neglects within-species het-
erogeneity in microbial virulence. In the context of classical risk as-
sessment, the ML approach will support hazard identification by the
application of next generation sequencing data as well as epidemiolo-
gical data to derive higher resolution risk assessments. In MRA, do-
se–response modelling allows for the estimation of the probability of
illness which depends on the concentration of ingested pathogenic
microorganisms. Infection and subsequent illness occurs when a pro-
portion of the ingested microorganisms survives human host barriers.
The infection process consists of a number of steps such as survival and
passage through the intestine, latching of E. coli on to the surface of an
intestinal cell, injection of receptor proteins into the intestinal cell and
formation of pedestal for bacterium by the intestinal cell leading to
infection. Most current hazard characterization is conducted under the
assumption that each ingested microorganism is a taxonomic unit that
has the same probability to provoke illness. The number of micro-
organisms surviving different barriers in the host is assumed to follow a
binomial distribution. However genes are capable of transfer between
bacterial species thus adding heterogeneity in virulence within the
taxonomic unit. The use of WGS approach defined in this study will
involve taking the pathogen as a genetic unit for refined dose-response
assessment. We propose that the pathogen is a genetic unit or strain i,
which has a probability pi expressible as pi= f(p1i, p2i… pni) where
each pxi is the probability of a strain i completing each of the n infection

steps x for x=1, 2, ...,n. This concept may be implemented by calcu-
lating pi for every i in the taxonomic unit population. This will indeed
contribute to the redefinition of dose-response relationships for initial
infection from the relative proportions of each strain in a WGS dataset.
Classical hazard characterization efforts can therefore be com-
plemented with inputting whole genome sequence data to make more
refined clinical endpoint estimations. Pielaat et al. (2013) proposed an
‘organization principle’ where risk assessment based on sequencing
data is grounded upon prioritizing highly pathogenic strains. This study
provides such a link between genotypic and phenotypic properties as an
approach to identify high risk or priority isolates from the full spectrum
of strains. ML approach is well suited for both prediction as well as
interpretation based on such large, complex and highly dimensional
data sets, where machine learning techniques ‘learn’ to recognize im-
portant patterns in the data (Libbrecht and Noble, 2015). The logit
boost model showed a high outcome prediction accuracy (0.75, 95% CI:
0.60, 0.86; Kappa= 0.72) and is therefore of potential as a more spe-
cific hazard characterization tool enabling the prediction of the STEC
clinical endpoints including diarrhea, bloody diarrhea and HUS or their
combinations given sequence data from an isolate of an unknown
clinical outcome. We hypothesize that this approach will also support
the setting of product specific microbial criteria which: (i) avoids the
blanket removal of foods based on the findings of pathogens whose
perceived threat is generalized as well as a redefinition of the poten-
tially dynamic qualified presumption of safety (QPS) status of existing
species (Pielaat et al., 2013), and (ii) provides more specific hazard
identification and characterization which may provide important real-
time resolution and prevention of outbreaks caused by foodborne
bacteria. Another opportunity is to use ML techniques in the improve-
ment of exposure assessment in MRA. Exposure assessment involves the
study growth, survival or death of microorganisms as a function of the
growth environment such as food and other environmental conditions
from farm to fork. The results from this study indicate variations in
STEC genetic pattern that may influence environmental stress re-
sistance. Food safety concern is increased when such adaptation of
microorganisms to changes in environments increases resistance to
environmental, processing and host stress agents (Abee et al., 2004).
With collection of phenotypic data such as adaptation to various en-
vironmental stresses such as salt, acid, desiccation and temperature,
models can be trained to produce strain specific categorization into
different stress response categories based on WGS data. With increase in
such data, predictive models based on WGS will form a predictive
platform for survival and eventual exposure. However, incorporation of
the proposed approach in quantitative microbial risk assessment will
require further inference from a larger collection of strains. This in-
cludes data supporting generalizability of the outcome classes, pre-
valence of the isolates associated with different outcome classes, and
sample size considerations as to what constitutes an optimal number of
strains representative of the molecular variation in pathogen popula-
tion. Availability of WGS and clinical outcome data from a collection of
specific pathogen and food production chains including prevalence,
concentrations and food production chain properties is needed to con-
duct quantitative risk assessment capturing variability and/or un-
certainty. A first important step will be the collection of a database
consisting of bacterial genomes with stress response and clinical out-
come metadata in order to advance exposure assessment and hazard
characterization as well as the identification of genomic regions en-
coding different outcomes. The dataset used in the current study as well
as R code are presented in the Supplemental material for use in pre-
diction of clinical outcomes in E. coli and for future model building as
further data from E. coli and other food borne pathogens become
available.

5. Conclusions

An approach to improve precise hazard identification and
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prediction of specific clinical outcomes in STEC which would lead to
improved inference from MRA by using WGS data was proposed.
Furthermore, important characteristics that distinguish high from less
risk strains were outlined. These characteristics include those mediating
initial attachment to the host cell, persistence of plasmids or genomic
islands, conjugative plasmid transfer and formation of sex pili, regula-
tion of LEE expression, post-translational acetylation of proteins, fa-
cilitation of the rearrangement or deletion of sections within the pa-
thogenic islands and transport macromolecules across the cell envelope.
Further investigations regarding the involvement of the genes encoding
these proteins and those with undefined functionality are re-
commended.

We foresee the increasing utility of the machine learning methods in
microbial risk assessment, prediction and source tracking as more WGS
data accompanied by clinical outcomes becomes available. This will
expedite the detection of new pathogenic threats, which is an important
prerequisite in reducing reaction times prior to and during outbreaks.
Like in many areas where machine learning methods have found ap-
plication, online WGS risk assessment tools incorporating the approach
demonstrated in this study may lead to improved food safety and re-
duction of unnecessary product withdrawals, where non/low-patho-
genic strains are involved.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.ijfoodmicro.2018.11.016.
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