Individual and Environmental Properties Determine Rats Role In
Host-Pathogen Networks

1 Introduction

Emerging infectious diseases (EID) pose a significant health risk, particularly in developing countries,
due to factors such as high disease burden, poor infrastructure, and inadequate water quality [1].
EID events are predominantly caused by zoonotic pathogens, accounting for 60.3% of events between
1940 and 2004, with 71.8% of these originating from wildlife [2]. Rural areas face more pronounced
challenges, as exposure to zoonotic pathogens is often linked to agriculture, livestock, wildlife, and
outdoor recreation [3]. Rodents, especially the species Rattus rattus, commonly known as the black rat,
are recognized hosts of at least 60 zoonotic pathogens [4]. In Madagascar, Rattus rattus is prevalent in
human-inhabited and fragmented environments, serving as a source of various diseases and presenting
a significant p otential for t ransmission to humans, primarily t hrough environmental p athways [5].

Disease transmission is fundamentally characterized by heterogeneity at the individual level [6,7]. For
example, some hosts are infected by many pathogens, while others are infected by very few. Addition-
ally, the pathogens infecting them can range from being prevalent in the population to rare. However,
it remains unclear which host features most significantly i mpact t hese infection p atterns within rat-
tus populations. I hypothesize that host features from different 1 evels of organization c ontribute to
this heterogeneity: (H1) Individual features, such as co-infection and microbiome composition, can
impact an individual’s physiology and immune system function [6]. (H2) Class features, which are
traits shared by many individuals, such as sex, mass, and age, often correlate with physiology and be-
havior [6]. (H3) Environmental features, for environmentally-transmitted pathogens, such as habitat
disturbance, host density, and vegetation, can influence host b ehavior and pathogen prevalence [8].

2 Research objective

I aim to explore the effect o f f eatures f rom d ifferent le vels on Ra ttus ra ttusin dividuals infection
patterns.

3 Methods

I used data from rural Madagascar, consisting of rattus individuals (n=>540), sampled across three
different village a reas. In each area, t raps were located in grids of different land co ver ty pes: semi-
intact forest, secondary forest, agriculture (such as rice and vanilla fields), and t he village i tself. Gut
samples were collected from each individual and sequenced to detect parasitic ASVs (ITS-2 gene for
nematodes, 185 rRNA for protozoan parasites). Reads below 500 were filtered o ut. T hen, I applied
Operational Taxa Units (OTU) clustering on the ASVs by 97% similarity and filtered t o pathogenic
taxa only (n=40 for protozoa, n=75 for nematodes). OTU clustering is supported by multiple studies
as they are more ecologically consistent units for broader ecological pattern analyses [9]. Samples were
also sequenced to detect microbial ASVs (by 16s rRNA gene).

I focused on understanding protozoa infection patterns using features from multiple levels. Individual
features include microbiome richness and nematode community composition, represented by two prin-
cipal component (PC) variables created from the nematode data. Class features are traits collected



on each individual, which are often shared, here specifically sex, mass, and age (by dental estimation).
For environmental features, I used data from each grid. Vegetation traits (such as number of trees and
herb coverage) were reduced to two PC variables. Community data, based on different small-mammals
sampling (such as Mus musculus and Microgale mergulus), was used also. This included both simple
indices (rattus abundance, abundance of other species, and richness) and two PC variables created
from the abundance and richness of each grid’s community. The distance from the village was also
used as an environmental feature.

Exploring infection patterns of individuals can be effectively accomplished using a host-pathogen
network approach [7]. Each rattus individual is represented by a node, and the other set of nodes
represents different pathogenic protozoa OTUs. A link indicates an infection of the individual by the
particular pathogen, thus creating undirected-binary-bipartite network. This approach allows for the
use of network analysis tools to capture and compare topological features with ecological significance. 1
chose to use the role of a node in the network, i.e., its contribution to network structure [7]. Individuals
with similar roles have similar infection patterns within the context of the full network. To define
each individual’s role in the network, I used the SBM (Stochastic Block Model) community detection
method. SBM groups nodes by having similar probabilities of connecting to other nodes (belonging
to another group). It has been previously used to identify ecological roles [10]. As seen in Figure 1, I
found that hosts are separated into four groups, and OTUs into five, with each level having a highly
dominant group.
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Fig. 1: Group assignments of rattus individuals (A) and protozoa OTUs (B). A darker line represents
a higher probability of inclusion in the group.

To evaluate the effect of multi-level features on the host SBM-generated group membership (a proxy
for ecological role), I used XGBoost, a machine learning algorithm, to create a classification model
[11]. As the data is limited in size and contains NAs, I did not use out-of-sample prediction. Instead,



I applied 5-fold cross-validation to reduce the probability of overfitting. I used a confusion matrix to
evaluate model performance, specifically the accuracy (i.e., the number of true predictions divided by
the total number of predictions). To validate its significance, I ran the model 100 times to predict the
SBM-generated memberships, and 100 times with the memberships shuffled randomly (maintaining
the proportion of groups as in the true SBM-generated data).

All analysis and data processing were performed using R Statistical Software [12], the RStudio interface
[13], the R package blockmodels [14] for the SBM analysis, and the R package XGBoost [15] for the
classification model.

4 Results

As seen in Figure 2, the accuracy of the model is significantly greater than the shuffled predictions
(p < 0.01). Additionally, the accuracy is significantly greater than the No Information Rate (NIR;
p < 0.01), which is around 59% and represents the accuracy that would be achieved by always
predicting the most frequent class. Salient features, i.e., those with high relative importance to the
model, were from multiple levels (Figure 3). For example, mass had a mean importance of 28.5%,
microbiome richness 19.7%, and PC1 of grid vegetation 8.9%.
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Fig. 2: Accuracy of 100 classification model predictions using the true SBM groups (blue) compared
to 100 iterations using shuffled groups (red). The dashed line represents the No Information Rate
(NIR) value.

5 Discussion

This study aimed to understand how features from multiple levels (individual, class, and environ-
mental) influence infection patterns of rat individuals by protozoan OTUs. Rat groups, generated by
SBM on the host-pathogen network, can be seen as a proxy for similar infection patterns and were
significantly predicted using a classification model.

Mass, the most important feature in predicting infection patterns in my model, has been extensively
studied in the context of host infection risk and susceptibility. Studies indicate that for certain
pathogens, the infection risk is higher in heavier rats [16,17] or lighter rats [18]. It has been hypoth-
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Fig. 3: Boxplots showing the relative importance of features over 100 iterations of running the model,
colored by level: yellow for class features, green for environmental features, and blue for individual
features.

esized and demonstrated in other cases that larger hosts might harbor more pathogenic organisms
[19,20]. However, more infections can negatively impact mass and potentially make the individual
more susceptible to co-infection [20]. Although the association of the microbiome community with
disease is less known than that of mass, a study has shown that diseases can be associated with reduced
microbiome richness [21]. My results support that the importance of the microbiome community on
infection patterns should be further researched.

As most of the protozoan OT'Us were phylogenetically linked to environmentally transmitted pathogens,
usually by the fecal-oral route, it was expected that environmental features would determine individ-
ual infection patterns. Vegetation, for example, can influence host diet and pathogen prevalence, as
the survival of some pathogens depends on the presence of organic matter [22]. There is also evidence
of density-dependent transmission, as rattus abundance was an important feature. The cause for
this can be suggested that higher density increases the probability of hosts encountering each other’s
feces (greater fecal contamination per unit area) [23]. Village distance, another important feature,
might correlate with factors affecting individual behavior, leading to changing social dynamics, which
has been shown to influence fecal-oral transmission [23]. Village distance also represents a habitat
fragmentation gradient, which has been found to affect transmission [24]. By altering resource distri-
bution and movement patterns, habitat fragmentation might lead to resource concentration, enhancing
environmental contamination in high-use areas.

In conclusion, my results provide evidence for the importance of multilevel features in determining
individual roles in the host-pathogen network. As roles in the network were used as a proxy for
similar infection patterns, this supports all hypotheses. Additionally, this finding corresponds with
many previous studies mentioned before. Further investigation can be done to reveal the effect of
each feature on infection patterns. First, I should try to understand the ecological meaning of each
SBM-generated group, i.e., what infection pattern it represents. Second, I should analyze how the
properties vary among the groups, specifically focusing on the most important features (for example,



if heavier individuals tend to be in a specific group). After this analysis, we can link feature variance
to infection patterns and draw more directed conclusions, providing a solid basis for future studies.
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