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CO-INFECTIONS AND INTERACTIONS

HPV AS AN EXAMPLE FOR SIMILAR PATHOGENS

Co-infection is the simultaneous
infection of one host by multiple
pathogen species or strains or clones
or types, from now on pathogens.

Human papillomavirus

v

many HPV types

v

high-risk (oncogenic) types
» co-infections are common

» within-host interactions
between types is debated

» vaccinating against one type
may impact other types
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CO-INFECTIONS AND INTERACTIONS

LYME DISEASE AS AN EXAMPLE FOR DISTINCT PATHOGENS

Ticks are “toxic soup” and coinfections are the rule, including
babesiosis, anaplasmosis, Rocky Mountain spotted fever, etc.

Coinfections
The majority of patients with chronic Lyme disease report at least one
coinfection. 30% report two or more coinfections.

32%
28%
15% 15%
l l 5 =

Babesia Bartonella Ehrlichia  Mycoplasma RMSF Anaplasma

©lymedisease.org
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CO-INFECTIONS AND INTERACTIONS

MALARIA AS AN EXAMPLE OF TESTING FOR INTERACTIONS
Forbes (1907) and Cohen (1973) introduced

ratio of observed coinfections to
S = the number expected if pathogens
were statistically independent

S > 1 pathogens positively associated
S =1 no significant association
S < 1 pathogens negatively associated

Statistical associations are taken as a
signal of biological interactions

o8|

04/

02

N=175

Trinidad & Tobago

Spleen + Children
County
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How DID | CAME TO THIS TOPIC

MAIZE LETHAL NECROSIS AS A MOTIVATING EXAMPLE

MLN is a disease caused by co-infections by two viruses

MLN Distribution and Spread 2011- 2016

HICIMMYT.

2016 Expansion - Tanzania

o8
MCMV .+ | SCMV
Maize chlorotic mottle Sugar cane mosaic
virus virus (or other potyvirus)

Data Sources: KALRO, KEPHIS, FAO, EIAR, NARO, RAB, MARI, UCG, IITA, CIMMYT

NIMBioS Working Group “Multiscale Vectored Plant Viruses” focused
on MLN
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CO-INFECTION MODEL TO INFORM CONTROL OF MLN

HILKER ET AL (2017) PHYTOPATHOLOGY

» Analyzed a (very) simple model =
of MLN N

» Assumed the two viruses do not g 84
interact (within the season) 2

» Multiplicative prevalence in H s o
field data support this (strong) B¥1 °© 000
assumption " T e

> MUItipIicative prevalence means Perc?znlagew1::SCMV:gercenta;:wilh M:hollv (er:/OmO)
statistical independence: Ao P g oY R T

maize lethal necrosis. Field data as reported by Mahuku et al. (2015) are
replotted, showing the results of survey D in Kenya in 2013 and 2014

P(co-infection) ~ P(infected with SCMV) x P(infected with MCMV)
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INTERACTION TESTS ARE BASED ON INDEPENDENCE

» Methods for cross-sectional data based on independence tests

» Simple example:
» observations (N = 1000)

Pathogen A
Infected Not infected Sum
Pathogen B Infected 25 175 200
Not infected 75 725 800
Sum 100 900 1000
» Expectation under independence hyp.
Pathogen A
Infected Not infected Sum
Pathogen B Infected 20 180 200
Not infected 80 720 800
Sum 100 900 1000

» Chi-square test:
X2(1) =1.74 = p > 0.05 = no evidence from data the pathogens interact

» May be dressed up in more complex statistics: log-linear or other
regressions accounting for confounding factors (e.g. risk group)
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QUESTION

Is it right to assume that independence means
non-interaction?
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SIMPLEST 2 NON-INTERACTING PATHOGENS MODEL

» (1, B2: infection rates
» u: natural death rate

» [;: prevalence of
pathogen I = 1,2 by pathogen 1

Ji
i = Bili(1 = 1) — pl,
Uninfected Co-infected
> Fi=Bili= Bi(Ji + J12) X e

Singly-infected

Infection

(B2l2)

Infection

(Bah)

Infection

J1 = F1 J(Z) - (FZ + ,LL)J1 ) (o)
b = Fady—(F+up)d,
Jipg = Fadi+Fida—pdip.

Infection

1,
Singly-infected il

by pathogen 2
J;

> Jy=1-Ji —do—Ji2
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PREVALENCES ARE NOT MUTIPLICATIVE

Singly-infected

o
®

by pathogen 1
Jy

Infection
(Bah)

Infection

(B2l2)

o
o

Uninfected Co-infected
Jﬂ ‘]1 2

Proportion infected
o o
N B

Infection

(B2l2)

Infection
I
Singly-infected il
by pathogen 2 0 5 10
JZ

o

Time

For Ry ; = Bi/i > 1, the equilibrium prevalence of co-infection is

- B1+ B2 >—— 55
Jijo=—"—"—\1bL>HLb.

Co-infections are more likely than expected by chance.
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PREVALENCES ARE POSITIVELY CORRELATED
Stochastic version: pathogen prevalences correlated

0.8 ",’4\?“0"'t‘:‘n&.,"h"”"n‘ 1 s 99%
b o] : 1 o === 90% “.--'---.‘.
% : | £ 0.65 P
2 0.6 Y R I 2 ©
£ et iz @
\ >
_5 0.4 ! p:le 2 06
£ . B
<] : £
=3 ) J
g 0.2 : 1 ﬁ 0.55 oot --“"u
o b : )
0 5 10 0.75 0.8 0.85
Time Infected by strain 1

I; and kb go down simultaneously whenever co-infected dies.

cov <I1 I2> — (B1 4 B2)(B1 — 1) (B2 — p)
N'N) =~ NB1Bo(B1 + B2 — ) (B — i+ Ba— p1) —
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APPARENTLY NOT A WELL KNOWN RESULT

9. Super- and Coinfection: The Two Extremes 133

May & Nowak (1995)
Proc Roy SOC B Box 9.3 SI models accounting for coinfection

With i denoting the fraction of individuals harboring strain j (possibly in addition

C ited 35 1 ti m es to various other strains), a simple model for coinfection is
di

#:,lm,uﬂj\ﬂlfm. j=1....n (a)
The total population size of hosts is assumed to be held constant, and is normalized

to one. The infectivity (transmission rate) of strain j is denoted by §;. Strain j can

ASS umes p reVaI ences invade any host that is not already infected by strain j. Thus f;i; (1 —i;) is the rate

at which new infections with strain j occur.
are mu Itl pl | cat | ve ‘There is anatural death rate d and a discase induced death rate &@; which denotes

the average death rates of hosts infected by strain j, and is assumed to be given by
the strain with the highest virulence in the host. We define p; as the probability that
ahost is not infected with a strain more virulent than j. That is,

Would have been useful IT a-in.
to reduce the complexity Nttt = 130 = (1)1 Toiona o winoed

found in a host is i py. and

of co-infection models .

T =apj+ Y akikp (©)
Unfortunately this e e e L e

independence

assumption is not correct Nowak & Sigmund (2002)
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KUCHARSKI AND GOG (2012)’S RESULT

Model reduction in multi-strain influenza models
Continuous age-structured model

Prevalences are multiplicative within infinitesimal
age-classes only: Va > 0,

v

v

v

J12(a) = ir(a)iz(a)

v

We recover previous result with p(a) the age distribution:

ha = [ ira(@p@da= [ ia)i(a)p(a)da
R R

> (/R i1(a)p(a)da> (/R ig(a)p(a)da> =ik

if iy(a) and ix(a) are increasing with a (Harris inequality).
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KUCHARSKI AND GOG (2012)’S INTERPRETATION

Toxoplasma gondii AND Helicobacter pylori AS EXAMPLES

v

One way of understanding the result is in terms of aging

v

Individuals acquire more infections as they age
As age increases, so does the probability of being infected
Therefore, the prevalences of pathogens are correlated

v

v

a5 100 4
40.47

80 A

60

—~+—OverallAge Distribution 40

——Percentage IgG Positive
20 A

Percent H. pylon infected

o' m— T

0 10 20 30 40 50 60 70
Age (years)

<20yrs 2125yrs 2630yrs 3135yrs 36-40yrs 4145yrs

14/30



Introduction Modelling Results Discussion

0000000 0O00000e 0000000000 00000
:

QUESTION

Mathematics say non-interacting pathogens are
not independent, but does that change anything
in practice?
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DATA-DRIVEN TESTS OF PATHOGEN INTERACTIONS

MALARIA AS AN EXAMPLE

Cross-sectional data on co-infection in one of two forms:

1. Full infection profiles

TABLE 2

Distribution of single and mixed infections in the study group*

Observed (0)

&-or
n =590 % Expected (E) E
Pf. only 323 54.7 3316 0.2
Pm. only 1 0.2 204 10.0
Po. only 1 0.2 112 10.8
Pf. + Pm. a1 6.9 43.9 0.2
Pf. + Po. 12 2.0 242 6.2
Pm. + Po - - 15 L5
Pf. + Pm. + Po. 27 4.6 3.2 177.0
Negative 185 314 153.9 6.3

*Pf. = Plasmodium falciparum: Pm. = Plasmodium malariae: Po. = Plasmodium ovale:
— = not detected: X* = 219.1, degrees of freedom = 7. P < 0.00001

23 = 8 possible
combinations of 3
pathogens

2. Multiplicity of infection

—
0
st

) Ccombined
HEE)
§ 200
2 150

-

. i_‘

. ol a0

v 2 s 4 s s 1

s s e
ol

Figure 2. Distribution of multiple clone infections. Distribution of

multiplicity of infection as detected by the markers msp1F3 and MS16

as well as both markers combined. Only samples with positive results

for both markers were included (n=1050).

doi110.1371/journal pntd.0001424.g002

distribution of the number of

pathogens hosted per host
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1. NON-INTERACTING DISTINCT PATHOGENS (NIDP)

» Analogous n
pathogen model

Each pathogen

has a distinct —+

v

5 "
i
Ro,i=—
W
» Find equilibrium values eg. i =Ji+Jio+J13+d123

v

Simple enough for recursive solution
I = Zier (ROJ — 1) ‘79,'
1T+ igr (Roi—1)

I': Some combination of pathogens
Q; =T\ {/i}: One fewer pathogen

v

v
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2. NON-INTERACTING SIMILAR PATHOGENS (NISP)

» Multiplicity of

Infection (Mol) data:
as many parameters in
NiDP as data points, so
NiDP is
overparameterized
NiSP makes the strong
assumption that all
pathogens are
interchangeable:

Ro,i = Ro (1 parameter,
more parsimonious).

mmmmmmmm

‘ “ﬂ{{fxq

1 2

g 8 8 8 8 8 8 8

o 8

Probability individual carries k distinct
infections given n pathogens in total
Leads to even simpler recursive solution:

s (n—k+1)(Ro—1) -
M= =1 (R — 1y 1 k-
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USING THE MODELS IN PRACTICE ON REAL DATA

Form of model — NiDP or NiSP — driven by data (and whether
or not NiSP assumption of equal Ry acceptable)
Compare fit of model against bi/multi-nomial distributions

» i.e. compare against assuming statistical
independence

» fit models via maximum likelihood
» compare using AIC

Test whether NiSP or NiDP is sufficient to explain the data, i.e.
test whether data shows evidence of interaction

» Monte Carlo goodness of fit test

» Repeatedly simulate fitted model and check if likelihood of
the data is too far in the tail of distribution over all sims
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USING THE NISP MODEL TO UNDERSTAND Mol DATA

A Strains of human papillomavirus B Strains of the anther smut pathogen
NO INTERACTION i INTERACT )
(or are not inter geable, or conf ding factor)
30009 100 n 10
2500 10 250 1
] 1
% 2000 - ! E ml g 200 1 % I
£ 0.1 ! - < g 0.1 - :
£ 1500 - 40 7 g 1501 5 7 9
5 5 .
Z 40004 Chaturvedi “ 100+ Lopez-Villavicencio
et al. (2011) et al. (2007)
5001 [é J. Inf. Disease 501 ' ['é m PLOS Pathogens
0 (e ou_ — 04 E E ﬂla dm_ — —
2 3 45 7 012 3 45 7 9
Number of distinct strains Number of distinct strains
[O Data_m NiSP S Binomial |
AAIC = 572.8, p(GoF) = 0.08, AAIC = 158.6, p(GoF) < 0.001,

n = 25 (strains), N = 5412 (hosts) n =102 (strains), N = 475 (hosts)
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USING THE NISP CcT’D

A

Number infected

800

800

Number infected

Strains of human papillomavirus

i 1007 1

1 ] M
01 " = o

7

b..

1.2 3 4 7
Number of distinct strains

Strains of tick-transmitted bacteria
{Borrelia afzelii) on bank
voles (Myodes glareolus)

100

Number of distinct strains

Number infected

Number infected

300

250

1000

800

600

400

200

Strains of the anther smut pathogen
(Microbotryum violaceum) on the
white campion plant (Silene latifolia)

Number of distinct strains.

Clones of human malaria
(Plasmodium vivax)

Bo. . _
1.2 3 4 5 7 9
Number of distinct clones

O Data m NiSP_5 Binomial

NiSP outperforms binomial
» in all cases
» particularly in the tails
(co-infection much more
frequent than expected)
For HPV (Panel A)
» goodness of fit
> i.e. data set consistent

with idea types of HPV
do not interact

Lack of fit in other cases
meaning either:

» interaction
> epidemiological
differences between

pathogens (recall NiSP
assumes equal R0)

» confounding factor
(other than age)
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USING NIDP TO UNDERSTAND INFECTION PROFILES

MALARIA AS AN EXAMPLE

3 species: Plasmodium falciparum, P malariae, P. ovale

.3 Toop. Mo Hyg. 2569, 1980, pp. 7154737
Copiaht € 1960 by The Anrcan Sty o Teopic) Medine and hygine

A LONGITUDINAL STUDY OF HUMAN MALARIA IN THE WEST 3500 A
AFRICAN SAVANNA IN THE ABSENCE OF CONTROL
MEASURES: RELATIONSHIPS BETWEEN DIFFERENT

PLASMODIUM SPECIES, IN PARTICULAR 3000 -

P. FALCIPARUM AND P. MALARIAE* |

LOUIS MOLINEAUY, JOHN STOREY, JOEL E. COHEN,  nn ANTHONY THOMAS 2500

World Health Organizason, 1211 Genesa 27, Switaerland, and
Rockefeller University, New York, New Vork 10021

I 1
2

2000 -

Abstract._The rescarch project on the epidemiology and control of malaria conducted in
the Garki District, Kano State, jointly by the Government of Nigeria and the World Health
Organization included among its objectives the study of the baseline epidemiology prior to
the introduction of any control measures. The present paper analyzes the project’s data with
respect to the relationships among the three species of Plasmodium present, P. falciparim,

malariae and P. ovale. Parasitemia with P. falcipanum or P. malariae is more likely in
the presence than in the absence of the other species. Among persons positive for P, fa
parum, those with a higher density of parasitemia are more likely (o have P. malarice also 1000 -
Wian those with a loser density of P. fulciparum parasitemia. There i a pronounced seasonal
alternation in prevalence between P. falciparum and P. malariae.

1500

Number infected

Ro,r =247, Roy = 1.15, gafﬂ!gﬂga—g—m;—
RO,O =1.03, A AIC = 362.2, N F M O FM FO MO FMO
p(GoF) = 0.40 [0 Data m NiDP = Multinomial |

No evidence from these data that the pathogens interact
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REVISITING THE ANALYSIS OF HOWARD ET AL (2001)

Methods for estimation of associations between multiple

species parasite infections

S.C.HOWARD®, C.A. DONNE

Wellcome Trust Centre for the
South Parks Road, Oxford OX1

LY and M.-S. CHAN

Epidemiology of Infections Disease, Department of Zoof
EY

v, University of Oxford,

No. Reference Country Ages Species  Sig. associations
65 Camobell ot (1957) Kenya 147 Children  FMO
69 Campbell e af, (198 Kenya 142 Children  FMO
50 Compbell hof (loxn) Kenya 196 Children
71 Mayer al. (1999 20 Children
72 Mayer al, (1999) 59 Children
75 May e al. (1999) 142 Children
74 Leger et al. (192 250 Children
75 Bodicr et al (1924) 135 Children
76 Kaowles & Whie (1930 800
77 Alifrangis et al. (19 126
T Mt doosy 163
79 “Thomson et al. (1994) 1465
80 Ghary et al. (1985) 707
S1 Brown et al. (1970) 2899
82 Dorolle (1927) 643
83 Perry (1911) 3s1
84 Phillips (1923)% 645
85 Aier (1924)% 57
86 Roy (1926)% 309
B Chiistophers & Shore (1921) 76
88 Lalor (1913)* 207
89 Strickland ef al. (1958) 2891

292
91 21
92 302
o Widingaal, (1005) 2192
94 al. (1994) 1048
55 et s 1989y m
96 Deloron et al. (1989) 25
97 Deloron et al. (1989) 253
98 Deloron et al. (1989) 25
99 May et al. (1 159

100 Trape et al. (1992) 265
101 Trape et al. (1994) 8539
102 Molineaux et al. (1980) 702
103 Molincaus et . (1980) 6526
104 Nhonoli et al. (1974) 360
105 Nhonoli et al. (1974) 150
106 Wilson (1936) “Tanzan 3303
107 Rosenberg & Maheswary (1952)  Bangladesh 1093 Mixed

One century of data:

73 data sets on malaria (multiple species), covering
a period ranging from 1911 to 1999

Perry, R. (1911). Malaria in the jeypore Hill Tract and
adjoining coastland. Paludism, 5, 32.

Log-linear modelling to find interactions in malaria
co-infection data
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COMPARISON WITH HOWARD ET AL. (2001)
Results using NiDP differ in (12 + 4)/41 ~ 39% of cases

A B

- 25
3500 1000
4 100 -
3000 : 204
2500 1 | ° ’I I 2
; J '
S 11 2 2 2 ¢ £ 154
= 2000 M O FM FO MO FMO 3 19
5 2 12
-g 1500 S 10/
3 £
1000 4 2
54
500
M : °
0 (RS e [l = [ 04
1 1 2 2 2 3 Do not interact Interact
M O FM FO MO FMO

Associations reported in Howard et al. (2001)

|D Data ® NiDP S Mu“]nom'all B No association Association

Testing for interaction differs from independence tests
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SUMMARY

Non-interacting pathogen are not statistically independent

» the prevalence of co-infection is always greater than the
product of the prevalences (positive correlation)

» statistically independent pathogens may well be interacting
(not presented)

» confirms that statistical independence is far from equivalent
to the absence of biological interaction between pathogens

Novel interaction tests based on simple epidemic models

» simple models challenge previous methods based on
statistical independence

» simple models (with no explicit age structure) intrinsically
correct for age as a confounding factor

» epidemic models make it unnecessary to keep track of age
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LIMITS AND PROSPECTS

Very simple two parameter SIS model (transmission, mortality)
» the positive correlation is due to host mortality (or ageing)
» results are valid for chronic (long-lasting) infections
» which represent a large fraction of co-infections
Clearance
» the model can accomodate specific pathogen clearance
» doubles the number of parameters, but may still be fitted
» qualitative results are unchanged in all cases tested
Virulence
» disease-induced mortality was assumed to be zero
» otherwise pathogens interact at the host population scale
» but virulence could be included in the model as well
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ECOLOGICAL PERSPECTIVES

Macro-parasites (e.g. worms)

» Macroparasite data show positive associations between
parasites known to interact negatively (Fenton et al 2014)

» SIS models are inedaquate for macro-parasites
» Our approach could be extended to macroparasites
Meta-communities

» Pathogens are species which form meta-populations
occupying discrete patches (hosts)

» In meta-community ecology, interactions between species
are often inferred from co-occurrence data

» Most methods are based on statistical associations
» Our approach could be extended to metacommunities
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TAKE-HOME MESSAGE

To detect interactions, methods based on

statistical independence
and
random distributions

should be replaced with methods based on

model-based distributions
assuming
no biological interactions

as a null expectation.
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THANKS FOR LISTENING!

» The NIMBIioS Working Group, particularly
» Nik Cunniffe (Cambridge)
» Linda Allen (Texas Tech)

» Hamelin, F. M., Allen, L. J., Bokil, V. A., Gross, L. J., Hilker,
F. M., Jeger, M. J., ... & Cunniffe, N. J. (2019). Coinfections
by noninteracting pathogens are not independent and
require new tests of interaction. PLoS Biology, 17(12).
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