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ABSTRACT 23 

1. Network analysis is a powerful framework for investigating complex systems across 24 

disciplines, including ecology, where it helps uncover patterns in predator–prey, host–25 

parasite, or plant–pollinator interactions. However, ecological network data are often 26 

incomplete or error-prone due to sampling limitations, detection failures, and taxonomic 27 

uncertainty—leading to missing (false negative) and spurious (false positive) links that 28 

obscure structure and hinder inference. The hierarchical stochastic block model 29 

(HSBM), particularly in its degree-corrected form, is among the most effective tools for 30 

reconstructing networks under such uncertainty. Despite its robustness, the primary 31 

implementation of HSBM in the Python-based graph-tool library has remained largely 32 

inaccessible to ecologists.  33 

2. Here, we introduce sabinaHSBM, the first R package that makes degree-corrected 34 

HSBM broadly available through a user-friendly, flexible workflow. By bridging a gap 35 

between advanced network modeling and widely used ecological analysis platforms, 36 

sabinaHSBM facilitates network reconstruction and link prediction from binary bipartite 37 

data. The workflow involves three main steps: (1) preparing input data, (2) estimating 38 

posterior link probabilities, and (3) reconstructing the network. The package supports 39 

detection of undocumented and spurious links, exploration of hierarchical structure, and 40 

propagation of uncertainty throughout. Key features include cross-validation, flexible 41 

thresholding, probabilistic evaluation metrics, and two link prediction modes: 42 

estimating all link probabilities or identifying undocumented ones.  43 

3. We illustrate the package’s functionality through a case study using a published global 44 

dataset of carnivore–parasite associations, showing that inferred groupings are 45 

phylogenetically clustered. To assess predictive accuracy, we examined the top 10 46 

highest-probability links identified by the model and found published evidence for 8, 47 

despite their absence from the original dataset. This highlights the model’s ability to 48 

recover biologically meaningful but underreported interactions.  49 
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4. By integrating all components of HSBM-based reconstruction into an accessible R 50 

package, sabinaHSBM empowers researchers to improve relational data quality and 51 

uncover overlooked patterns in complex ecological networks and beyond. 52 

 53 

KEYWORDS: Community detection, ecological networks, link prediction, network structure, 54 

network inference, species interactions.55 
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1 INTRODUCTION 56 

Network analysis, widely used across disciplines from neuroscience and epidemiology to social 57 

sciences and climate research, provides a powerful framework for representing and analyzing 58 

complex systems. In ecology, it has become central to exploring species interactions through 59 

bipartite networks, which represent relationships between two sets of entities—such as 60 

predators and prey, hosts and parasites, or plants and pollinators—as nodes connected by edges 61 

denoting observed links. These networks are essential tools for understanding biodiversity 62 

patterns, coevolutionary dynamics, and ecosystem functioning (Delmas et al., 2019). However, 63 

empirical ecological data are almost invariably incomplete, noisy, and biased. Sampling 64 

limitations, detection errors, accessibility issues, and taxonomic ambiguities introduce false 65 

negatives (missing links) and false positives (spurious links), obscuring true network structure 66 

and compromising the robustness of ecological inference (Delmas et al., 2019; Fründ et al., 67 

2016; Morales-Castilla et al., 2015). Treating such data as static, error-free adjacency matrices 68 

risks misrepresenting the systems they describe and may limit their usefulness in research and 69 

data-informed conservation efforts. 70 

Stochastic block models (SBMs) are foundational tools in network science (Holland et al., 71 

1983), providing a flexible probabilistic framework for detecting latent community structure in 72 

network data. Among the most effective extensions for recovering such structure and addressing 73 

uncertainty in bipartite networks is the degree-corrected hierarchical stochastic block model 74 

(HSBM), developed by Peixoto (2014, 2018), which underpins the R package we introduce 75 

here: sabinaHSBM (see below). This formulation explicitly accounts for variation in node 76 

degree within blocks—a common feature of real-world bipartite datasets—thereby reducing 77 

misclassification caused by uneven sampling. By treating the observed adjacency matrix (i.e., 78 

the n × n matrix with 1/0 entries indicating whether each node pair is observed or not) as a noisy 79 

realization of an underlying generative process, HSBM can uncover both community structure 80 

and latent hierarchical patterns (T. P. Peixoto, 2018), effectively assigning probabilities to both 81 

documented and undocumented links. Indeed, in a recent benchmark involving over 200 82 
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algorithms and 550 empirical networks from six scientific domains, HSBM was identified as the 83 

most accurate individual method for link prediction (Ghasemian et al., 2020). Similarly, in a 84 

focused comparison of ecological networks, HSBM outperformed alternative approaches (Terry 85 

& Lewis, 2020). 86 

Beyond its strong predictive performance, HSBM also offers several methodological advantages 87 

over alternative network reconstruction methods. First, as a nonparametric Bayesian framework, 88 

it can infer hierarchically nested group structures and estimates posterior link probabilities based 89 

solely on network topology; that is, without relying on predefined structural constraints or 90 

parametric assumptions about link distributions. Although it is theoretically grounded in a 91 

generative model based on SBM (Holland et al., 1983), the framework flexibly adapts to the 92 

data, effectively relaxing this assumption in practice. Moreover, unlike many statistical or 93 

machine learning methods, HSBM does not require external covariates or metadata, making it 94 

especially well-suited for ecological datasets where such information is often sparse or 95 

uncertain—and where meaningful structure must be inferred directly from the network itself. 96 

For instance, users are not required to define the number of communities (also known as 97 

modules, groups or blocks), as these are automatically inferred from the observed network. 98 

Second, it enables network reconstruction from a single measurement, even without prior error 99 

estimations. This capability addresses a major limitation in observational datasets, where 100 

repeated measurements are often impractical or unavailable. Third, HSBM quantifies 101 

uncertainty by generating posterior edge probabilities, enabling researchers to assess link 102 

reliability. This approach can serve to support the identification of both reliable and uncertain 103 

links, facilitate informed decision-making, prioritize sampling efforts, and refine or validate 104 

existing hypotheses. Finally, HSBM leverages the inherent structure of networks to detect 105 

hierarchical groupings or communities, identifying the structural organization of the network. 106 

This output provides insights into the network’s architecture at multiple levels of resolution, 107 

uncovering patterns that may be otherwise overlooked, and offering a valuable interpretation 108 

tool beyond standard flat clustering. 109 
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Despite the notable characteristics of the HSBM, its original implementation relies on the 110 

graph-tool module (Peixoto, 2014; 2018), a Python package that operates exclusively on Unix 111 

systems. This limitation hinders its accessibility to researchers who primarily work with R 112 

programming and Windows systems. The sabinaHSBM addresses this gap by providing a more 113 

accessible network reconstruction tool tailored for R users.  114 

In the following sections, we describe the design and implementation of sabinaHSBM (Section 115 

2), demonstrate its application to a mammal–parasite interaction network (Section 3), and 116 

discuss its broader methodological and ecological implications (Section 4). 117 

 118 

2 THE sabinaHSBM PACKAGE 119 

We introduce sabinaHSBM, an R package that provides a straightforward and user-friendly 120 

workflow for network reconstruction in three steps: (1) preparing the input database; (2) 121 

predicting link probabilities; and (3) reconstructing the network (Box 1). Each step is supported 122 

by dedicated functions (Table 1) that ensure flexibility, ease of use, and a wide range of outputs 123 

derived from the underlying HSBM engine. 124 

Designed to reconstruct bipartite binary networks from incomplete and biased data—a common 125 

limitation in ecological datasets—sabinaHSBM offers unique features. Built-in cross-validation 126 

tests generate held-out links across folds, ensuring that performance metrics reflect true 127 

generalizability. Held-out links are observed links (1s) that are treated as absences (0s) during 128 

model training to evaluate the model’s ability to recover them. Uncertainty quantification 129 

assigns each candidate interaction—i.e., link—a continuous posterior probability, enabling users 130 

to assess its reliability directly rather than relying on a simple matrix of predicted 131 

presences/absences. Our implementation of the package supports two prediction modes that 132 

serve different purposes: The “conditional_missing” mode implements a classical gap-filling 133 

strategy, computing conditional probabilities only for unobserved node pairs—ideal for 134 

conservative detection of missing interactions without questioning observed ones. The 135 

“marginal_all” mode embraces an innovative whole-network strategy (Peixoto, 2018). It 136 

repeatedly generates true latent graphs from the observed network and derives marginal 137 
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probabilities for all observed and unobserved links—thereby uncovering both missing (false 138 

negatives) and spurious interactions (false positives) in one comprehensive analysis (see Section 139 

2.2 for full details). Once the probabilities are computed, the package also provides flexible 140 

thresholding methods, different evaluation statistics—such as the area under the receiver 141 

operating characteristic curve (AUC, Fielding & Bell, 1997), the area under the precision-recall 142 

curve (AUC-PR) (Saito & Rehmsmeier, 2015), or the recovery link ratio (RLR, a name we 143 

propose here for the proportion of held-out links correctly recovered), among others—and 144 

adaptable consolidation approaches for generating the final reconstructed binary 145 

matrix/network, allowing researchers to adapt reconstructions to their objectives. Because 146 

HSBM inference is computationally demanding—especially across multiple cross-validation 147 

folds and/or large networks—sabinaHSBM integrates parallel processing via the parallel R 148 

package (R Core Team., 2024), distributing tasks across multiple cores for efficient execution. 149 

By leveraging the computational power and core functionalities for network reconstruction 150 

provided by graph-tool via the reticulate package (Ushey et al., 2025), sabinaHSBM enables 151 

researchers to execute Python-based computations seamlessly within R.  152 

The current release can be installed directly from the GitHub repository with 153 

remotes::install_github(“h-lima/sabinaHSBM”).  154 

Because graph-tool (the core engine) runs on Python/Unix, a ready-to-use Docker image is also 155 

available (https://hub.docker.com/r/herlima/sabinahsbm) to guarantee full functionality and 156 

accessibility on Windows, Mac, and Linux. That image packages the sabinaHSBM code, its R 157 

and Python runtimes (including graph-tool), all required libraries, and system dependencies into 158 

a single, portable container. Users simply pull this image and—following the guidance in 159 

Supporting Information S1—launch a container equipped with RStudio Server and Jupyter 160 

Notebook and all needed tools to run sabinaHSBM. This dual approach—reticulate integration 161 

and Docker compatibility—reduces technical barriers, extending the HSBM’s application to a 162 

broader audience and research contexts.  163 

Supporting Information includes two end-to-end tutorials: Supporting Information S2 shows the 164 

“conditional_missing” pipeline for conservative missing link recovery, and Supporting 165 
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Information S3 walks through the “marginal_all” pipeline for finding both missing and/or 166 

spurious links. Installation steps are provided at the beginning of each corresponding guide. 167 

 168 

2.1 Step 1: Prepare your input data with hsbm.input() 169 

The sabinaHSBM workflow begins by structuring input data for HSBM analyses using the 170 

hsbm.input() function. This function processes an observed binary bipartite matrix that 171 

represents interactions between two distinct sets of nodes (e.g., hosts and parasites in our 172 

example case study, but could be other interaction networks or distributional networks where 173 

nodes represent sites and species occurrences). Rows and columns correspond to these node 174 

types, and entries denote the presence (1) or absence (0) of a link. Any rows or columns without 175 

observed interactions are automatically removed. A summary() function for hsbm.input() 176 

objects provides a concise overview of matrix dimensions and observed links. 177 

A key feature of hsbm.input() is the generation of cross-validation folds, which partition held-178 

out links across groups. Users can customize the number of folds (n_folds, default: 5) or provide 179 

precomputed folds. In each fold, all observed links are included, but a different, randomly 180 

selected, non-overlapping subset of approximately equal size is masked as held-out, ensuring 181 

every observed link is excluded once during the cross-validation process. While setting n_folds 182 

= 1 is technically possible (used in combination with no_heldout = TRUE), it is not 183 

recommended, as it disables cross-validation and prevents the computation of classification 184 

thresholds for binary network reconstruction. However, it can be appropriate in post-validation 185 

stages to fit the model on the full network and generate final predictions. Although this 186 

configuration does not allow for threshold calculation, it enables ranking nodes by their 187 

probabilities based on the complete data structure. Further customization includes the minimum 188 

number of observations required per row and column (min_per_row, min_per_col, default: 2).  189 

The output includes the cleaned observed binary matrix (indicating species interactions in the 190 

example), cross-validation folds, and edgelists (i.e., tables listing node pairs) with metadata, 191 

such as edge types (e.g., documented or held-out links). 192 

 193 
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 2.2 Step 2: Predict link probabilities with hsbm.predict() 194 

In the second step, the function hsbm.predict() applies the HSBM model to identify hierarchical 195 

groupings of nodes (i.e., clusters of species or entities that tend to interact similarly) and 196 

generate probabilistic predictions for link existence. This function relies on the structured input 197 

from hsbm.input(), using the cross-validation folds to explore the internal structure of the 198 

network and to estimate the likelihood of interactions that may have been missed (false 199 

negatives) or wrongly recorded (false positives).  200 

By default, predictions are computed across all folds, although a specific fold can be selected by 201 

specifying its index with the elist_i argument. To speed up execution on large datasets or 202 

multiple folds, the hsbm.predict() function supports parallel computation via the n_cores 203 

argument (default: 1), enabling the distribution of computations across multiple cores.  204 

For the network reconstruction task, hsbm.predict() assumes that the observed network D 205 

represents the best available information about the true, unobserved network A. Each entry Dij = 206 

1 indicates that an edge between node pairs (i, j) was observed, whereas Dij = 0 denotes edges 207 

that were unobserved or removed temporarily as held out during cross-validation. The network 208 

D is treated as a noisy measurement of the true network A, potentially containing errors such as 209 

false positives (erroneously recorded edges) and/or false negatives (missing true edges). 210 

Following Peixoto (2018), a measurement model was employed where each node pair (i, j) in D 211 

is associated with nij distinct measurements, resulting in xij observed links, such that Dij = (nij, 212 

xij). Although this model accommodates arbitrary non-negative integers xij ≤ nij, sabinaHSBM 213 

focuses on the common case of binary adjacency matrices, where only a single measurement per 214 

node pair is available or the details of the measurement process are unknown. In this setting, nij 215 

= 1 is assumed for all pairs (i, j) and xij ∊ {0, 1} corresponds directly to the observed values in 216 

the adjacency matrix D.  217 

The goal is to infer the true network A and the latent community structure b from the observed 218 

data D = (n, x), by targeting the joint posterior distribution 𝑃(𝐴, 𝑏 | 𝐷)  ∝  𝑃(𝐷|𝐴)𝑃(𝐴, 𝑏), 219 

where P(D|A) models the measurement process, and P(A, b) represents the prior joint 220 

probability of the network and its structure. Since the model uses the stochastic block model 221 
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(SBM) as the generative prior, this can be decomposed as 𝑃(𝐴, 𝑏) = 𝑃(𝐴|𝑏)𝑃(𝑏), where P(A|b) 222 

is the probability of network A given the block partition b, and P(b) is the prior on the block 223 

partition itself. This Bayesian formulation, detailed in Peixoto (2018), integrates uncertainty in 224 

the measurement process with the structural correlations captured by the HSBM. To explore the 225 

posterior, Markov Chain Monte Carlo (MCMC) sampling is used to generate k configurations 226 

(A(k), b(k)) from the joint posterior distribution. 227 

After an initial MCMC equilibration phase or burn-in to ensure convergence—controlled by the 228 

wait argument (default: 1,000 iterations)—the model generates a set of posterior samples 229 

(defined by the iter argument, default: 10,000 iterations) to estimate edge probabilities pij (for 230 

details on the MCMC sampling process see Appendix 1 at Supporting Information S4). An 231 

optional rnd_seed argument allows fixing the random seed for the HSBM inference to ensure 232 

reproducibility.  233 

Two methods for link prediction are available in sabinaHSBM, selectable via the method 234 

argument: 235 

 236 

● The “conditional_missing” method (conditional probability averaging) 237 

A classical gap-filling module that focuses exclusively on scoring unobserved links (i.e., those 238 

with Dij = 0). Specifically, for each unobserved node pair (i, j), it computes the average 239 

conditional probability that a link exists, given the inferred block structure.  240 

After the initial MCMC equilibration or burn-in (controlled with wait argument), a set of N 241 

posterior block partitions b(k) is obtained (controlled with iter argument). For each partition, the 242 

package calls the MeasuredBlockState.get_edges_prob() function in graph-tool (http://graph-243 

tool.skewed.de/) to compute the conditional probability 𝑃(𝐴𝑖𝑗 =  1| 𝑏(𝑘)) and then averages 244 

these values across all N samples to yield: 245 

𝑝𝑖𝑗 =  
1

𝑁
∑ 𝑃(𝐴𝑖𝑗 =  1| 𝑏(𝑘))

𝑁

𝑘=1

 246 

By relying exclusively on the inferred block structure, the “conditional_missing” method 247 

implements the classical approach for link prediction assigning each unobserved link a score 248 
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based on its likelihood under a generative model. It retains the familiar/classical SBM link-249 

prediction paradigm (e.g. Ghasemian et al., 2019; Aicher et al., 2015), allowing direct 250 

comparison with other existing algorithms. However, this method does not yield true marginal 251 

probabilities, and it is more computationally intensive than the “marginal_all” method. For 252 

these reasons, sabinaHSBM restricts this method to estimating probabilities for unobserved 253 

edges (Dij = 0) only. 254 

 255 

●  The “marginal_all” method (marginal posterior probability estimation) 256 

A whole-network reconstruction approach that computes the marginal posterior probability 257 

𝑃(𝐴𝑖𝑗 = 1 | 𝐷) for observed (Dij = 1) and unobserved (Dij = 0) links. After the MCMC burn-in 258 

(controlled by the wait argument), we draw N samples (set via iter argument). For each sample 259 

we use the MeasuredBlockState.collect_marginal() function from graph-tool to generate a 260 

latent/sampled network A(k) and record every edge presence 𝐴𝑖𝑗
(𝑘)

= 1. These edge presences are 261 

averaged to obtain:  262 

 𝑝𝑖𝑗 =
1

𝑁
∑ 𝐴𝑖𝑗

(𝑘)𝑁
𝑘=1 , 263 

where N is the number of posterior samples and 𝐴𝑖𝑗
(𝑘)

= 1 if the edge (i, j) exists in the k-th latent 264 

network, and 0 otherwise. The resulting pij directly reflects the accumulated evidence for the 265 

existence of the edge (i, j) across the posterior. The “marginal_all” method delivers a marginal 266 

probability matrix that simultaneously uncovers missing links (false negatives) and spurious 267 

links (false positives), making it the method of choice for exhaustive network diagnostics and 268 

rigorous quality assessment.  269 

Because it samples full networks rather than focusing on blocks, some links may never appear 270 

in any sample A(k), yielding undefined pij , sabinaHSBM lets you handle these cases flexibility 271 

via the na_treatment argument (see Section 2.3), ensuring no uncertainty is lost in downstream 272 

analyses. 273 

 274 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted October 29, 2025. ; https://doi.org/10.1101/2025.10.28.684773doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.28.684773
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

11 
 

Optionally, the function allows saving the results and graph-tool objects as Python pickle files. 275 

These files are stored in the working directory under names like hsbm_res_foldi.pkl, where i 276 

denotes the fold index. Also, a simple hierarchical edge bundling figure for each fold can be 277 

saved in the working directory, using the argument save_plots = TRUE.  278 

The main outputs of the hsbm.predict() function are organized by fold and include the 279 

hierarchical group assignments revealing network modularity, available under $groups; 280 

minimum description length (MDL) values, found in $min_dl; and posterior probabilities pij for 281 

links, based on the selected method for link prediction, accessible via the $probs attribute. These 282 

probabilistic output support downstream steps in the workflow, where users can reconstruct the 283 

network and evaluate the plausibility of individual interactions. 284 

 285 

2.3 Step 3: Reconstruct and validate your network with hsbm.reconstructed() 286 

Building on probabilistic predictions generated by hsbm.predict(), the hsbm.reconstructed() 287 

function generates evaluation metrics and a final binary network representation—i.e., a matrix 288 

of 1s and 0s indicating predicted observed/unobserved links—, which is essential for identifying 289 

missing and spurious links. It uses the threshold argument to transform link probabilities into 290 

these binary classifications, with several predefined thresholding methods available. These 291 

include the default “roc_youden”, which selects the threshold that maximizes the sum of 292 

sensitivity and specificity (Youden’s J statistic; Youden, 1950); “prc_closest_topright”, which 293 

minimizes the distance to the top-right corner of the precision-recall curve; or “prc_max_F1”, 294 

which optimizes the F1 score, among others. While the default threshold performs well in most 295 

cross-validation settings and is widely used (Bi et al., 2024) it can be too liberal for certain 296 

datasets, potentially introducing more false positives than desirable in the context of network 297 

reconstruction (Lobo et al., 2008; Yang et al., 2015). For a more conservative approach—298 

particularly suited to sparse networks (Poisot, 2023)—we recommend using the 299 

“prc_closest_topright” option. Alternatively, users may specify a custom threshold (between 0 300 

and 1) tailored to their specific needs. While threshold selection has been amply discussed in the 301 

context of species distribution models (e.g., Liu et al., 2013) it is still not well established for 302 
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network reconstruction and thus, the use of custom thresholds may allow exploring further their 303 

performance. 304 

In practice, this option may be particularly interesting when using the “marginal_all” method, 305 

where marginal posterior probabilities ∈ [0,1]. In such cases, a threshold of 0.5 can be employed 306 

as a natural baseline: edges with pij > 0.5 can be considered likely present (thereby identified as 307 

missing links if Dij = 0), while those with pij < 0.5 likely absent (and potentially spurious if Dij = 308 

1). Although this unsupervised threshold can make the identification of missing or spurious 309 

links more challenging, it offers a practical/neutral starting point. To explore plausible missing 310 

or spurious links more systematically, the top_links() function ranks node pairs by their 311 

probabilities, highlighting the most plausible candidates for further inspection (see section 2.4). 312 

For the specific task of detecting missing links, these pij can also be used as ‘scores’ in 313 

supervised binary classification provided in sabinaHSBM. 314 

The generation of the final binary network is guided by the consistency_matrix argument, which 315 

supports two distinct approaches for combining fold-specific predictions. The default, 316 

"average_thresholded", calculates the link mean probabilities pij across folds and applies the 317 

mean of fold-specific thresholds for consistency. Alternatively, sabinaHSBM introduces a new 318 

method, "ensemble_binary", which explicitly integrates cross-validation variability into the final 319 

reconstruction. This method first applies fold-specific thresholds to the fold-specific 320 

probabilities to transform continuous matrices of each fold into binary matrices. These binary 321 

matrices are then consolidated, assigning a link as 1 if it exceeds the fold-specific threshold in 322 

the required proportion of folds. By default, this proportion is 0.1 (i.e., the new link should be in 323 

at least one fold when using 10 folds), but this proportion can be adjusted via the 324 

ensemble_threshold argument, with values between 0 and 1. This approach integrates fold-325 

specific variability, ensuring that links consistently identified as significant are retained.  326 

The na_treatment argument controls how undefined NA values—resulting from edges never 327 

sampled in the posterior under “marginal_all” method—are handled. By default, sabinaHSBM 328 

assigns such cases probability = 0 (“na_to_0”), under the assumption that rarely sampled edges 329 

are unlikely. Alternatively, you can choose “ignore_na” that exclude NAs when computing fold‐330 
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averaged probabilities, thresholds, and performance metrics, effectively treating them as 331 

missing data rather than definite absences, or retaining them as NA (“keep_na”), depending on 332 

the desired treatment for undefined links.  333 

The function evaluates model performance through fold-specific metrics, including precision, 334 

recall, sensitivity, specificity, accuracy, error rate (ERR), True Skill Statistic (TSS), and the 335 

proportion of held-out correctly recovered as 1s (the recovery link ratio, RLR). It also provides 336 

AUC values for ROC and PRC curves, along with the PRC baselines (yPRC), which represent 337 

the expected AUC-PR under random predictions.  338 

Outputs include the reconstructed binary matrix ($new_mat), the averaged links probabilities 339 

across folds with uncertainty estimates ($res_averaged), and a detailed summary of 340 

reconstruction statistics for each fold ($stats), providing a comprehensive evaluation of the 341 

network at the fold level. 342 

For convenience, applying the summary() function to the output of hsbm.reconstructed() returns 343 

a summary of the final reconstructed network structure—including the number of identified 344 

spurious and missing links—as well as the average of evaluation metrics across folds, providing 345 

a compact overview of overall model performance. 346 

 347 

2.4 Auxiliary tools for insights and visualization 348 

sabinaHSBM includes additional tools to complement the main workflow. The top_links() 349 

function ranks the most significant links based on predicted probabilities, aiding targeted 350 

exploration. The edge_type argument specifies the ranking type: “unrecorded” (0s likely to be 351 

1s/missing links, ordered highest to lowest), “documented” (1s likely to be 0s/spurious links, 352 

ordered lowest to highest), while “missing” (ordered highest to lowest) and “spurious” (ordered 353 

lowest to highest) refine these rankings by focusing only on links identified as such in the final 354 

reconstructed binary matrix. To explore potential erroneous links, we recommend using the 355 

top_links() function to rank low-probability documented links (edge_type = "documented"). For 356 

visualizing binary bipartite matrices, the plot_interaction_matrix() function offers simple plots, 357 

accommodating both original and reconstructed networks. 358 
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 359 

For a complete description of function arguments and outputs, users can consult the help pages 360 

via the standard R documentation system (e.g., ?hsbm.input, ?hsbm.predict, 361 

?hsbm.reconstructed, ?top_links, ?plot_interaction_matrix). 362 

 363 

3 CASE STUDY: Predicting missing links in host-parasite networks 364 

Link prediction in host-parasite networks is of crucial importance in ecology and epidemiology 365 

(Poulin, 2010), more so in a context of climate change (Morales-Castilla et al., 2021). To 366 

illustrate the functionality of sabinaHSBM, we use the Global Mammal Parasite Database 2.0 367 

(Stephens et al., 2017), which compiles observed interactions between wild mammal hosts and 368 

their parasites. The dataset was filtered to include only species of the order Carnivora, and retain 369 

only records for which both hosts and parasites names were reported as valid binomial species 370 

names. For an additional analysis, we further restrict the dataset to hosts included in the 371 

phylogeny of (Faurby & Svenning, 2015). The final dataset contained 142 carnivore hosts, 695 372 

parasites, and 2,172 documented interactions (Supplementary Data).  373 

To structure the data for model fitting, we used the hsbm.input() function, which processes a 374 

binary interaction matrix with rows as hosts and columns as parasites. We set n_folds = 10 to 375 

implement 10-fold cross validation. The host-parasite interaction matrix was visualized using 376 

the plot_interaction_matrix() function (Fig. 1), revealing a sparse network with ~2% of all 377 

possible links recorded.  378 

To compute link probabilities, we applied the hsbm.predict() function, with the method = 379 

“marginal_all”, which computes marginal posterior probabilities for all node pairs. We used the 380 

default iter = 10,000 and wait = 1,000 to control the number of posterior samples and 381 

equilibration iterations, respectively. The resulting matrix of interaction probabilities provides a 382 

fully reconstructed network that can serve as a probabilistic input for Bayesian downstream 383 

analyses, allowing users to propagate uncertainty into subsequent inference steps. 384 

To classify predicted links and evaluate network reconstruction, we used the 385 

hsbm.reconstructed() function, applying the Youden threshold from the ROC curve (threshold = 386 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted October 29, 2025. ; https://doi.org/10.1101/2025.10.28.684773doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.28.684773
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

15 
 

“roc_youden”). While the “marginal_all” method outputs continuous posterior probabilities, 387 

binarizing these values serves a practical purpose: it enables interpretable, threshold-based 388 

validation and facilitates comparison with observed binary interaction data. This step allows us 389 

to compute performance metrics (e.g. AUC, RLR) and identify high-confidence missing links 390 

under a principled cutoff. The model achieved a mean AUC of 0.98 across folds and an average 391 

recovery of 39% of held-out links (RLR) (Table S1 in Supporting Information S4). The final 392 

binary matrix included 649 newly predicted interactions classified as missing links (Fig. 1), 393 

obtained using the consistency_matrix = “average_thresholded” option, which applies the mean 394 

of fold-specific thresholds to the averaged link probabilities. This binarized output is not 395 

intended to replace the full probability matrix but to complement it—highlighting the most 396 

robust predictions and enabling downstream comparisons that require discrete inputs.  397 

To assess the plausibility of the most likely missing links, we used the top_links() function to 398 

extract the 10 highest-ranked undocumented interactions according to the model. A brief web 399 

literature review using Google scholar provided published evidence for 8 out of 10 of these 400 

interactions, with an additional interaction supported by reports of the parasite in closely related 401 

host species (Table S2 at Supporting Information S4).  402 

The HSBM inferred between 3 and 4 hierarchical levels of group structure in each fold. Given 403 

that host-parasite interactions often exhibit phylogenetic signals (Davies & Pedersen, 2008) the 404 

biological relevance of these groupings was evaluated using the Mean Phylogenetic Distance 405 

(MPD) and Mean Nearest Taxon Distance (MNTD) metrics. These metrics were computed 406 

using the picante package (Kembel, 2010) and compared to a null model. For illustration, we 407 

present results from fold 6 (Fig. 2) although similar patterns were observed across folds (Table 408 

S5, S6). Host grouping levels for fold 6 showed phylogenetic clustering for most groupings with 409 

MPD and for some groups with MNTD, suggesting that HSBM effectively uncovered 410 

ecological and evolutionary meaningful structure in the network without prior information. 411 

 412 

4 DISCUSSION  413 
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The sabinaHSBM package leverages the power of the hierarchical and degree-corrected 414 

stochastic block model (HSBM) for network reconstruction, offering a comprehensive and 415 

customizable set of functions that streamline the entire reconstruction workflow. 416 

However, we emphasize that network reconstruction remains a fundamentally challenging task, 417 

and no single algorithm performs best in all contexts, as shown by Ghasemian et al. (2020) 418 

comprehensive evaluation of existing methods. Nonetheless, their results show that HSBM was 419 

the most accurate individual method in comparative analyses, performing competitively with 420 

stacked models. This was particularly evident in networks with limited data, such as many 421 

biological systems, where embedded and topological approaches performed poorly. 422 

While being able to reconstruct networks solely from their structure would be an ideal outcome, 423 

its effectiveness depends heavily on the quality of the input data (Peixoto, 2018). In cases where 424 

datasets are small, noisy, or biased, the removal of links for cross-validation can eliminate 425 

crucial structural information, rendering reconstruction unreliable. In such situations, 426 

incorporating extrinsic data or information—such as phylogenetic relationships or species 427 

traits—can improve link prediction by supplying additional information to guide the inference 428 

process (Morales-Castilla et al., 2021). Several methods explicitly integrate such metadata, 429 

including HPprediction (Farrell et al., 2022), which uses host and parasite traits and phylogeny 430 

to predict missing interactions, or the plug-and-play approach (Dallas et al., 2017), which 431 

estimates link probabilities based on environmental or biological similarity between species 432 

pairs. However, it is important to note that doing so potentially shapes the results according to 433 

the nature and quality of the external information. In any other case, the HSBM can uncover 434 

underlying structure directly from network topology, without prior specification or the 435 

introduction of subjective decisions. This feature makes HSBM especially valuable in 436 

taxonomic groups where external data are scarce or difficult to obtain. Moreover, its 437 

hierarchical nature enables the model to capture multiple levels of structural organization, 438 

allowing for robust and reliable network reconstruction across diverse contexts.  439 

Beyond classical ecological interaction networks, sabinaHSBM can be applied to a wide range 440 

of bipartite binary datasets in ecology and other disciplines where latent structure and 441 
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uncertainty are relevant (see, e.g., Ghasemian et al., 2020). For instance, it can support 442 

applications in archaeology (e.g., artifact–site relationships), cultural evolution (e.g., motif–443 

language or ritual–community associations), and historical demography or ethnography (e.g., 444 

individual–event affiliations). Beyond the humanities, sabinaHSBM may also prove useful in 445 

epidemiology (e.g., host–pathogen networks), user–content systems (e.g., users reviewing or 446 

tagging items in cultural or scientific repositories), or bibliometrics (e.g., authors linked to 447 

publications or journals). These broader applications illustrate the package’s versatility and its 448 

potential to support rigorous inference across diverse research domains.  449 

 450 

5 CONCLUSIONS 451 

The sabinaHSBM package broadens access to HSBM for ecological research and beyond. Its 452 

capabilities for link prediction, network reconstruction, uncertainty quantification, and 453 

hierarchical grouping provide a valuable tool for addressing incomplete and biased datasets, 454 

ultimately enhancing ecological and biodiversity research.  455 
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TABLES 456 

Table 1. Overview of the sabinaHSBM workflow steps, associated functions, and their key 457 

features. 458 

Step Function Description  Key features  

Prepare your 

input data 

 

hsbm.input() Processes a binary bipartite 

matrix, generates cross-

validation folds, and ensures the 

dataset is ready for HSBM 

analysis. 

Configurable number of folds 

(n_folds) and cross-validation 

setup. 

Predict link 

probabilities 

hsbm.predict() Applies the HSBM model to 

estimate posterior probabilities 

for links and organizes nodes 

into hierarchical groups.  

Generates fold-specific 

predictions based on the selected 

method (“conditional_missing” or 

“marginal_all”), and uncovers 

modular network structures. 

Supports parallel computation 

(n_cores). 

Reconstruct and 

validate your 

network 

hsbm.reconstructed() Converts probabilistic 

predictions into a binary 

network using flexible 

thresholding methods. Evaluates 

network performance with 

detailed metrics. 

Offers predefined and custom 

thresholding (threshold), multiple 

reconstruction methods 

(consistency_matrix), and 

comprehensive evaluation 

metrics. 

  459 
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FIGURES 460 

Box 1.  461 

 462 

  463 
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Fig. 1. Reconstruction of the carnivore–parasite interaction matrix. Observed interaction matrix 464 

(left) and reconstructed matrix (right) obtained with sabinaHSBM. Rows represent carnivore 465 

hosts and columns parasite species. In the reconstructed matrix, blue cells highlight interactions 466 

predicted by the model that were absent from the empirical dataset, i.e. missing links.  467 

  468 
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Fig. 2 Hierarchical structure. a) Hierarchical edge bundling of the carnivore–parasite network, 469 

grouping edges by inferred blocks. b) Phylogenetic clustering of carnivore hosts at three 470 

hierarchical levels (G1–G3). Tip colors correspond to inferred groups, and clades in which all 471 

tips belong to the same group are shaded consistently to the root. 472 

 473 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted October 29, 2025. ; https://doi.org/10.1101/2025.10.28.684773doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.28.684773
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

22 
 

ACKNOWLEDGEMENTS 474 

This study was supported by the NextDive project (PID2021-124187NB-I00), funded by the 475 

Ministerio de Ciencia e Innovación (Agencia Estatal de Investigación) and the European 476 

Regional Development Fund (FEDER) — “A way of making Europe. H. L. was supported by 477 

the FPI program of the Ministerio de Ciencia e Innovacion of Spain (grant CGL2017-86926-P). 478 

I.M.-C. acknowledges funding from the Spanish Ministry for Science and Innovation (grant 479 

number PID2023-152329OB-I00 to I.M.-C.). 480 

 481 

CONFLICT OF INTEREST 482 

The authors declare no conflict of interest.  483 

 484 

AUTHOR CONTRIBUTIONS 485 

HL and JMB developed the R package with inputs from IMC, MAR and RGM. HL and JMB 486 

jointly prepared the first version of the manuscript. All authors reviewed and contributed to the 487 

manuscript. 488 

 489 

DATA AVAILABILITY 490 

Code and data are hosted in a public GitHub repository (https://github.com/h-491 

lima/sabinaHSBM), and all materials referenced in the article will be permanently and openly 492 

accessible there.  493 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted October 29, 2025. ; https://doi.org/10.1101/2025.10.28.684773doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.28.684773
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

23 
 

REFERENCES 494 

Bi, Y., Jiao, X., Lee, Y. L., & Zhou, T. (2024). Inconsistency among evaluation metrics in link 495 
prediction. PNAS Nexus, 3(11). https://doi.org/10.1093/PNASNEXUS/PGAE498 496 

Dallas, T., Park, A. W., & Drake, J. M. (2017). Predicting cryptic links in host-parasite 497 
networks. PLOS Computational Biology, 13(5), e1005557. 498 
https://doi.org/10.1371/JOURNAL.PCBI.1005557 499 

Davies, T. J., & Pedersen, A. B. (2008). Phylogeny and geography predict pathogen community 500 
similarity in wild primates and humans. Proceedings of the Royal Society B: Biological 501 
Sciences, 275(1643), 1695–1701. https://doi.org/10.1098/RSPB.2008.0284 502 

Delmas, E., Besson, M., Brice, M. H., Burkle, L. A., Dalla Riva, G. V., Fortin, M. J., Gravel, 503 
D., Guimarães, P. R., Hembry, D. H., Newman, E. A., Olesen, J. M., Pires, M. M., Yeakel, 504 
J. D., & Poisot, T. (2019). Analysing ecological networks of species interactions. 505 
Biological Reviews, 94(1), 16–36. https://doi.org/10.1111/BRV.12433 506 

Farrell, M. J., Elmasri, M., Stephens, D., & Davies, & T. J. (2022). Predicting missing links in 507 
global host-parasite networks. Journal of Animal Ecology, 91(4), 715–726. 508 
https://doi.org/10.1101/2020.02.25.965046 509 

Faurby, S., & Svenning, J. C. (2015). A species-level phylogeny of all extant and late 510 
Quaternary extinct mammals using a novel heuristic-hierarchical Bayesian approach. 511 
Molecular Phylogenetics and Evolution, 84, 14–26. 512 
https://doi.org/10.1016/j.ympev.2014.11.001 513 

Fielding, A. H., & Bell, J. F. (1997). A review of methods for the assessment of prediction 514 
errors in conservation presence / absence models. Environmental Conservation, 24(1), 38–515 
49. https://doi.org/10.1017/S0376892997000088 516 

Fründ, J., Mccann, K. S., & Williams, N. M. (2016). Sampling bias is a challenge for 517 
quantifying specialization and network structure: lessons from a quantitative niche model. 518 
Oikos, 125(4), 502–513. https://doi.org/10.1111/OIK.02256 519 

Ghasemian, A., Hosseinmardi, H., Galstyan, A., Airoldi, E. M., & Clauset, A. (2020). Stacking 520 
models for nearly optimal link prediction in complex networks. Proceedings of the 521 
National Academy of Sciences of the United States of America, 117(38), 23393–23400. 522 
https://doi.org/10.1073/PNAS.1914950117 523 

Holland, P. W., Laskey, K. B., & Leinhardt, S. (1983). Stochastic blockmodels: First steps. 524 
Social Networks, 5(2), 109–137. https://doi.org/10.1016/0378-8733(83)90021-7 525 

Kembel, S. (2010). An introduction to the picante package Installing picante Data formats in 526 
picante. R, April, 1–14. https://doi.org/10.1093/bioinformatics/btq166 527 

Liu, C., White, M., & Newell, G. (2013). Selecting thresholds for the prediction of species 528 
occurrence with presence-only data. Journal of Biogeography, 40(4), 778–789. 529 
https://doi.org/10.1111/JBI.12058 530 

Lobo, J. M., Jiménez-valverde, A., & Real, R. (2008). AUC : a misleading measure of the 531 
performance of predictive distribution models. 145–151. https://doi.org/10.1111/j.1466-532 
8238.2007.00358.x 533 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted October 29, 2025. ; https://doi.org/10.1101/2025.10.28.684773doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.28.684773
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

24 
 

Morales-Castilla, I., Matias, M. G., Gravel, D., & Araújo, M. B. (2015). Inferring biotic 534 
interactions from proxies. Trends in Ecology & Evolution, 30(6), 347–356. 535 
https://doi.org/10.1016/j.tree.2015.03.014 536 

Morales-Castilla, I., Pappalardo, P., Farrell, M. J., Aguirre, A. A., Huang, S., Gehman, A. L. M., 537 
Dallas, T., Gravel, D., & Davies, T. J. (2021). Forecasting parasite sharing under climate 538 
change. Philosophical Transactions of the Royal Society B, 376(1837). 539 
https://doi.org/10.1098/RSTB.2020.0360 540 

Peixoto, P. T. (2014). The graph-tool python library. figshare. Dataset. 541 
https://doi.org/10.6084/m9.figshare.1164194.v14 . 542 
https://figshare.com/articles/dataset/graph_tool/1164194 543 

Peixoto, T. P. (2014). Hierarchical block structures and high-resolution model selection in large 544 
networks. Physical Review X, 4(1). https://doi.org/10.1103/PHYSREVX.4.011047/ 545 

Peixoto, T. P. (2018). Reconstructing Networks with Unknown and Heterogeneous Errors. 546 
Physical Review X, 8(4), 041011. https://doi.org/10.1103/PHYSREVX.8.041011 547 

Poisot, T. (2023). Guidelines for the prediction of species interactions through binary 548 
classification. Methods in Ecology and Evolution, 14(5), 1333–1345. 549 
https://doi.org/10.1111/2041-210X.14071 550 

Poulin, R. (2010). Network analysis shining light on parasite ecology and diversity. Trends in 551 
Parasitology, 26(10), 492–498. https://doi.org/10.1016/j.pt.2010.05.008 552 

Saito, T., & Rehmsmeier, M. (2015). The Precision-Recall Plot Is More Informative than the 553 
ROC Plot When Evaluating Binary Classifiers on Imbalanced Datasets. PLOS ONE, 10(3), 554 
e0118432. https://doi.org/10.1371/JOURNAL.PONE.0118432 555 

Stephens, P. R., Pappalardo, P., Huang, S., Byers, J. E., Farrell, M. J., Gehman, A., Ghai, R. R., 556 
Haas, S. E., Han, B., Park, A. W., Schmidt, J. P., Altizer, S., Ezenwa, V. O., & Nunn, C. 557 
L. (2017). Global Mammal Parasite Database version 2.0. Ecology, 98(5), 1476. 558 
https://doi.org/10.1002/ECY.1799/SUPPINFO 559 

Terry, J. C. D., & Lewis, O. T. (2020). Finding missing links in interaction networks. Ecology, 560 
101(7), e03047. https://doi.org/10.1002/ECY.3047 561 

Ushey, K., Allaire, J., & Tang, Y. (2025). Interface to “Python” [R package reticulate version 562 
1.44.0]. CRAN: Contributed Packages. 563 
https://doi.org/10.32614/CRAN.PACKAGE.RETICULATE 564 

Yang, J., Ma, J., & Wang, T. (2015). Network reconstruction based on structure energy. 565 
Proceedings of the 2015 27th Chinese Control and Decision Conference, CCDC 2015, 566 
296–301. https://doi.org/10.1109/CCDC.2015.7161707 567 

Youden, W. J. (1950). Index for rating diagnostic tests. Cancer, 3(1), 32–35. 568 
https://doi.org/10.1002/1097-0142(1950)3:1 569 

  570 

 571 

 572 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a 
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted October 29, 2025. ; https://doi.org/10.1101/2025.10.28.684773doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.28.684773
http://creativecommons.org/licenses/by-nc-nd/4.0/

