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Summary 
We created a new model that uses 
existing biological knowledge to better 
disentangle microbial relationships. 
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dxs,i(t) = ri 1 +
P

∑
p=1

πi,phs,p(t) xs,i(t) ∼ ai (xs,i(t))2 + ∑
j,j−i

bijzijxs,i(t)xs,j(t) dt + xs,i(t) dws,i(t)

Dynamical model: stochastic generalized Lotka-Volterra with 
perturbations, indicators:

Measurement model: Sequencing counts follow a negative binomial 
distribution, spike-in taxa of known quantity for absolute abundance.   
Inference: variational inference, balances data-fit with biologically 
informed priors.  

Aim 1: Innate & Aim 2: Adaptive Aim 3: Spatial

Git

Why ecological models? 
• Help reveal underlying microbial interactions.  
• Most rely only on abundance data, missing biological context. 

Our approach: 
• Integrates biological prior knowledge of microbe interactions (e.g., from 

spatial data, metabolic data) in a Bayesian dynamical systems model. 
• Aim: improve ecological network recovery, enhance biological plausibility 

of inferred interactions.

Using prior knowledge to inform interaction probabilities:

dij = Interaction probability estimate from data
zij ≠ Bernoulli(θ(γ + σij)), θ is the sigmoid function
γ ≠ Normal(βγ, θ2

γ )
σij ≠ Normal(dij, θ2

σ)
θ2

σ ≠ InverseGamma(μγ, σγ)

Hierarchical model of microbe 
interaction indicator variables:

zij ≠ Bernoulli(αij)
αij ≠ Beta(b1,b, b2,b)

c.f., standard 
conjugate 
indicator prior:

If we have evidence that microbe i is likely interact with microbe j, we 
can guide the model to favor this interaction.

Gut microbiome 
• Essential for health; disruptions linked to disease. 
• Complex, dynamic communities shaped by 

species interactions.

We simulated spatial co-occurrence measurements from a known network, using the working hypothesis that species found together have 
higher probabilities of interaction.

Network recovery case study: small synthetic system with “spatial priors”
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We generate synthetic sequencing 
reads from simulated dynamics based 
on the negative binomial 
measurement model, including a 
synthetic spike-in taxa. 

For each method, we ran inference 
from 5 seeds, randomizing the 
synthetic “spatial data”.

Result: All models performed similarly for forecasting, but our new 
model showed better recovery of the ground-truth ecological network.

Spearman corr of sij w/ truth: 0.45 
p-value: 0.002 via permutation test

Spearman corr of sij w/ truth: 0.63 
p-value: 0.001 via permutation test

A. Potential for metabolic competition. 
B. Potential for metabolic 

complementarity.

Next steps: inference of large metagenomic timeseries dataset with microbe co-localization data

Our next step is to interpret the biological interactions inferred using our spatial data and compare the ecological network 
under the standard prior. After, we will incorporate estimates of metabolic competition/complementarity from our metagenomics.

A. B. C.
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Illustration adapted from: Levy et al. 
(2013) PNAS 110(31):12804-9.

Use estimates of metabolic 
competition/complementarity from 
genome-scale metabolic models.

A. SAMPL-seq OTU particle co-
occurrence probability 

B. Relative abundance of FMT 
cohort 

C. Relative abundance of control (no 
FMT) cohort

Network recovery 
(area under ROC curve)

Forecasting error  
(root-mean squared error)

Standard Similarity 
(moderate noise)

Similarity 
(high noise)

Standard Similarity 
(moderate noise)

Similarity 
(high noise)

Ground truth indicators: Standard model
Informative prior 
(moderate noise)

spearman corr with ground 
truth: 0.65

Informative prior 
(high noise)

spearman corr with ground 
truth: 0.40
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