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17 Abstract

18 The ability to accurately predict the dynamic evolution of microbial communities is
19 critical for advancing personalized medicine, precision intervention, and ecological
20 system management. However, the irregular sampling, high missingness, and
21  complex tempora behaviors that characterize longitudinal microbiome datasets
22  present substantial challenges to reliable forecasting. Here we propose MicroProphet,
23  apersonalized digital twin framework capable of accurately forecasting microbial
24  abundance trgjectories from incomplete longitudinal observations without the need
25 for data interpolation. By leveraging a time-aware Transformer architecture,
26  MicroProphet reconstructs individualized microbial trgectories using as little as the
27 initial 30% of time points, capturing critical transitional states through its attention
28 mechanism. We demonstrate its robust cross-ecosystem generalizability across
29  synthetic communities, human gut microbiomes, infant gut development, and corpse
30  decomposition. In clinical contexts, MicroProphet enables early identification of
31 disease-related microbial shifts and supports intervention timing optimization,
32 exemplified in inflammatory bowel disease and antibiotic perturbation responses. By
33 transforming incomplete and sparse data into actionable forecasts, MicroProphet
34  establishes a foundation for real-time microbial monitoring, therapeutic decision
35 support, and precision ecological management, paving the way for broader

36  applications of digital twin systemsin biology and personalized healthcare.
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38 Highlights

39 @ MicroProphet establishes a personalized digital twin framework for forecasting
40 biological dynamics from incomplete longitudinal observations, enabling
41 precision health monitoring and intervention planning.

42 ® By leveraging a transformer-based architecture, MicroProphet accurately
43 reconstructs microbial community trajectories using as little as 30% of initial
44 time points, without the need for datainterpolation.

45 @ The framework demonstrates robust cross-ecosystem generalizability across
46 clinical, early-life development, and forensic contexts.

47 @ MicroProphet empowers real-time tracking of microbia shifts, early detection
48 of disease-associated transitions, and timing optimization  for

49 microbiome-targeted therapeutic strategies.
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50 Introduction

51  Microbial communities play crucial roles in maintaining the heath of various
52  ecosystems, ranging from the human-associated microbiota to agricultural and
53 industrial environments."® With the growing emphasis on precision medicine, the
54  dynamic changes in microbial communities have become an important direction for
55 understanding individual health. Unlike static, cross-sectional datasets that provide
56  snapshots of microbial composition, longitudinal microbiome data reveal the
57 evolving trgjectories of microbial interactions and their ecological consequences,
58 offering deeper mechanistic insights into community functions over time. However,
59  the incompleteness and sparsity of such data pose substantial modeling challenges,
60  limiting their translational potential.*®

61

62 Classica modeling frameworks, such as generalized Lotka-Volterra systems (e.g.,
63 MDSINE),” dynamic Bayesian networks (e.g., CGBayesNets),® and digital twin
64 models based on conditional inference trees (e.g., Q-net),’ have yielded important
65 insightsinto microbial community dynamics. However, these methods struggle with
66 the inherent missingness and asynchronous sampling commonly present in
67 longitudinal microbiome data, limiting their predictive accuracy and generalizability

10-12

68 in real-world applications. While some studies have attempted to address these
69 issues with statistical spline estimation and dynamic time warping (DTW)," these
70  approaches rely on data interpolation, which could introduce additional biases and
71 distortions. Furthermore, most frameworks remain narrowly tailored to specific
72  ecosystems, restricting their translational potential across diverse clinical and
73 environmental settings.

74

75 Meanwhile, advances in sequence modeling, particularly Transformer architectures
76 featuring self-attention and temporal positional encoding, have revolutionized
77  forecasting in fields such as gene expression and single-cell dynamics.”® These
78 approaches offer new avenues for learning from incomplete, heterogeneous

79 biological data without explicit imputation. Despite their promise, the systematic
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80 application of transformer-based models to longitudinal microbiome analysis—and
81  more broadly, to personalized biological forecasting—remains underexplored.

82

83  To address these limitations, we propose MicroProphet, the first personalized digital
84 twin framework leveraging a transformer architecture designed specifically for
85 modeling microbial community dynamics from incomplete longitudinal data
86 Departing from conventional interpolation-based strategies, MicroProphet directly
87 learns from irregularly sampled data, capturing long-range dependencies and critical
88 turning points in microbial trgectories. Remarkably, the model can forecast
89  subject-specific microbial abundance trajectories using only the initial 30% of time
90 points. We systematically evaluated MicroProphet across diverse ecological settings,
91 including the human gut and skin microbiome, synthetic communities, and corpse
92  decomposition, demonstrating its robust generalization across environments and
93 individuals. Beyond microbia applications, our framework establishes a
94  generaizable approach for real-time monitoring of biological systems, early disease
95 detection, and precision-guided therapeutic interventions, thereby advancing the

96 frontiers of personalized medicine and ecological management.
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97 Reaults

98 Overview of MicroProphet

99 MicroProphet is able to generate reliable forecasts of microbial community
100  dynamics from longitudinal microbiome data, even with irregular sampling intervals
101 (see Methods, Figure 1a, b). The process begins with slicing the input microbiome
102  time-series data (Figure 1b-1), followed by instance normalization and patching to
103  ensure data stability and consistency (Figure 1b-2). The data is then mapped into a
104 high-dimensional space, where tempora positional encoding embeds temporal
105 information at each time point, alowing MicroProphet to recognize temporal
106  context (Figure 1b-3). The transformer encoder utilizes the multi-head self-attention
107 mechanism to capture long-term dependencies in the time series and extract
108  dynamic features from the microbial community (Figure 1b-4). Finally, the model
109 flattens the data and passes it through a linear layer (Figure 1b-5) to generate
110 predictions, outputting the predicted microbial abundance for each time point
111  (Figure 1b-6). By modeling temporal relationships, MicroProphet provides detailed
112  insights into microbia fluctuations, enabling personalized predictions of microbial
113  dynamics for individual subjects (Figure 1c) and anticipating subject-specific health
114  outcomes (Figure 1d). Beyond prediction, the framework aids in identifying
115 disease-associated microbial signatures (Figure 1e). The attention mechanism
116  captures critical temporal dependencies and identifies key transition timepoints in
117  microbial dynamics (Figure 1f), enabling real-time monitoring of microbial
118 community shifts. Additionaly, MicroProphet supports the reconstruction of
119 ecological interaction networks (Figure 1g), offering a systems-level understanding
120  of microbial dynamics across diverse environments.

121

122 To evauate the performance of MicroProphet, we applied it to four publicly
123 available longitudina microbiome datasets representing diverse microbial
124  ecosystems (Supplementary table 1): (1) the Synthetic Microbial Communities
125  dataset,* consisting of 384 samples from 32 artificial communities constructed from

126  subsets of 50 microbial isolates over a 12-day period; (2) the inflammatory bowel
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127  disease (IBD) dataset,™ from the Integrative Human Microbiome Project (iHMP),
128 containing 534 longitudinal stool samples from 65 individuals (IBD patients and
129  healthy controls); (3) the Corpse dataset,’® comprising 21 time-point samples
130 collected from the face skin of 34 decomposing human cadavers at three U.S.
131  forensic research sites; (4) the Infant dataset,'” including 360 aligned metagenomic
132 samples from 36 preterm infants collected across 10 time points. Together, these
133  datasets enable rigorous assessment of MicroProphet across both human-associated
134 and environmental microbiome contexts, with varying degrees of temporal

135 irregularity, sparsity, and complexity.
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137 Figure 1. Overview of MicroProphet framework. (a) The structure of the
138 longitudinal microbiome data. The data are represented as a three-dimensional

139 matrix consisting of species, time, and subject dimensions. Due to inconsistent
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140 sampling time points across subjects, the data exhibit a missing and irregular
141  distribution. (b) The overall architecture of MicroProphet framework. The input
142  consists of multiple univariate time series representing microbial abundances.
143  Instance normalization and patching (Instance Norm + Patching) are applied for data
144  preprocessing. The core of the framework is a Transformer encoder, which captures
145 dynamic relationships between microbes. The encoder includes a multi-head
146  attention mechanism and a position embedding module. The output is generated via
147 a linear head after flattening. (c-g) Applications of MicroProphet in different
148  contexts. c, real-time monitoring of microbial dynamic trajectories; d, predicting an
149 individuad's future hedth status; e, identifying keystone microbial species; f,
150 identifying key transition timepoints using attention mechanism; g, inferring
151 interaction networks among microbes.

152

153  Predicting microbial abundance trajectories across the whole time

154  seriesin synthetic microbial communities

155 To systematically evaluate the performance of MicroProphet, we applied it to the
156  Synthetic Microbial Communities dataset with complete and regularly spaced time
157  points.*® This dataset comprises 32 synthetic microbial communities, each sampled
158 a 12 distinct time points with full observed measurements (see Methods,
159 Supplementary table 1). We first assessed MicroProphet's prediction accuracy by
160  varying the fraction of initial time points from 10% to 50%. Notably, the prediction
161  performance improved as the proportion of known data increased, and the accuracy
162  began to saturate around the initial 30% of time points (Supplementary Figure 2a,
163 Supplementary table 2). This finding demonstrates MicroProphet's ability to
164  achieve reliable predictions even with limited data.

165

166  Next, we compared the performance of MicroProphet with five benchmark methods,
167 including PINN (a Physics-Informed Neural Network employing LSTM to solve the
168 generalized Lotka-Volterra equations™), Q-net® (a digital twin model based on
169 conditional inference trees), LASSO, ElasticNet, and Random Forest (Figure 2a).
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170  Specificaly, the data were divided into atraining set (70%) and a test set (30%). We
171  then used the initial 30% of time points to predict the subsequent 70%. Overal,
172 MicroProphet demonstrated superior performance, achieving a Pearson correlation
173  coefficient of 0.9447, a cosine similarity of 0.9487, and a root mean squared error
174 (RMSE) of 0.065 (Supplementary table 3). Taking one microbial community (ID:
175 7F) as an example, the predicted microbial abundance distribution closely matched
176  the observed distribution (Figure 2d), indicating that the model accurately captured
177  thedynamic changes of individual genus over time (Figure 2e, Pearson > 0.75).

178

179 Beyond abundance prediction, we assessed microbial community stability at the
180 genus level under high-nutrient and low-nutrient conditions (see Methods),
181 hypothesizing that stability might be environment-specific. To quantify this, we
182 introduced the degree of microbial individuality (DMI), a metric that measures the
183  similarity within an individual relative to the population (see M ethods). A higher
184 DMI indicates greater microbial individuality. Our results indicated that the DMI
185 value for microbes was significantly lower in high-nutrient communities
186 (Mann-Whitney U test, p = 0.0028, Figure 2b, Supplementary table 4), supporting
187 the hypothesis that high-nutrient environments are more prone to microbial
188 invasion.’® Notably, the same trend was observed in the predicted dataset (Figure
189 2c¢), further validating the robustness of MicroProphet in capturing microbial
190 community dynamics from both an ecological and theoretical perspective. This
191 comprehensive evaluation underscores that MicroProphet not only predicts
192  microbia abundance accurately but also provides insights into community stability

193  and dynamics under different conditions.
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195 Figure 2. Performance evaluation of MicroProphet on the Synthetic Microbial

— Predicted

196 Communities dataset. (a) Comparison of predictive performance among
197 different models. Bar plots represent Pearson correlation (yellow) and cosine
198 similarity (green), while the line plot represents RMSE (blue). (b-c) Distribution of
199 theDMI valuein high-nutrient and low-nutrient communities. b, DMI for actual
200 data, with a significant difference (p = 0.0028); ¢, DMI for predicted data, with a
201  p-vaue of 0.14. Blue represents high nutrient, and green represents low nutrient. (d)
202  Stacked bar charts showing microbial composition over time. The top panel
203  represents the actual observed microbial data, while the bottom panel represents the
204  predicted data. The horizontal axis represents time, and the vertical axis represents
205 microbial abundance. (e) Predicted trajectories of highly abundant microbial

206 taxa. Line plots show the temporal abundance trajectories of four representative
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207 microbia taxa for a single subject. The red lines represent the actual abundances,
208 while the blue lines represent the predicted abundances. Shaded areas indicate
209  confidence intervals for the predictions. The x-axis represents time, and the y-axis
210 represents microbial abundance values. RMSE, root mean squared error; DMI,
211  degree of microbial individuality.

212

213 Evaluating the robustness of MicroProphet in handling missing

214 observationsthrough random masking

215 To assess MicroProphet's robustness in handling incomplete datasets that contain
216 missing observations, we simulated an irregular sampling scenario by randomly
217 masking 30% of the samples in the Synthetic Microbial Communities dataset
218 (Figure 3a, Supplementary table 1). Traditional methods, such as Lasso,
219 ElasticNet, and Random Forest, typically address missing observations through data
220 interpolation (e.g., Random Forest interpolation) prior to predictions. However, we
221  observed that interpolation introduced significant discrepancies between imputed
222  and true values, potentially biasing subsequent predictions (Supplementary Figure
223 3). In contrast, MicroProphet directly modeled incomplete datasets without
224 interpolation, consistently maintaining high predictive accuracy (Pearson correlation
225 =0.969, cosine similarity = 0.970, RMSE = 0.05, Supplementary table 3). On the
226  other hand, the performance of benchmark methods significantly declined when
227  applied to incomplete datasets (Figure 3b-c), reinforcing the effectiveness of
228  MicroProphet in preserving prediction accuracy.

229

230 Further evauations confirmed that MicroProphet's performance remained robust
231 even as the proportion of missing observations increased. When progressively
232 increasing the proportion of missing observations from 0% to 60%, prediction
233  accuracy gradually declined, yet MicroProphet still maintained strong performance
234  at amissing data proportion of 30% (Supplementary Figure 2b, Supplementary
235 table 2). These findings underscore MicroProphet’s exceptional capability to handle
236  incomplete longitudinal microbiome data, positioning it as a highly reliable tool for
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237  forecasting microbial community dynamics in realistic scenarios characterized by

238  irregular sampling.
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241 (@) Schematic illustrating the 30% random masking strategy applied to the
242  Synthetic Microbial Communities dataset. The top panel illustrates the workflow
243  for benchmark methods (e.g., PINN, LASSO, ElasticNet, Q-net, and Random
244  Forest), which require performing RF-based interpolation to fill in missing
245  observations caused by the 30% random masking before proceeding with prediction.
246  While the bottom sections depict how training and testing are conducted for
247  MicroProphet, which directly handles incomplete dataset without interpolation. (b-c)
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248  Comparison of predictive performance between MicroProphet and benchmark
249 methods on the dataset with complete observations (green solid line) and
250 dataset containing 30% randomly masked observations (red dashed line). (b)
251  Pearson correlation coefficient (higher values indicate better prediction accuracy); (C)
252  Root mean squared error (RM SE; lower values indicate better prediction accuracy).
253

254 MicroProphet enables personalized prediction of microbial

255 community dynamicsin the|BD cohort

256 Next, we validated MicroProphet’s ability to generate personalized microbial
257  trajectory forecasts using the IBD dataset™ (Supplementary table 1). The dataset
258  comprises longitudinal microbiome profiles from 65 participants, including samples
259  collected over 38 weeks, with subjects grouped into IBD and non-IBD categories.
260 Due to its incompleteness nature, this dataset provided an ideal scenario to evaluate
261  both the overall predictive accuracy and MicroProphet's ability to capture detailed,
262 individualized temporal patterns (Figure 4a).

263

264  We first compared the predictive performance of MicroProphet against other
265 methods. MicroProphet consistently demonstrated superior performance across al
266 evaluated metrics (Figure 4b, Supplementary table 3). Specifically, we calculated
267 the Pearson correlation between the actual and predicted abundances for each
268  top-ranked microbia species across all test subjects. Most individuals achieved
269  highly accurate predictions (Figur e 4€). For instance, Eubacteriumrectale, a species
270  with anti-inflammatory properties often depleted in IBD patients, and Bacteroides
271 fragilis, which plays a dual role in gut health and IBD pathogenesis, exhibited
272  distinct temporal variation patterns in both actual and predicted data (Figure 4d). %
273  Moreover, beta-diversity analysis indicated no significant differences between
274  predicted and actual microbial compositions (Supplementary Figure 4). To further
275 support the model's clinical utility, we employed random forest models to
276  digtinguish IBD patients using three distinct datasets: (1) the data predicted by
277  MicroProphet combined with actual samples from the initial four time points, (2)
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278  actual samples only from theinitial four time points, and (3) the actual observational
279  dataset (Figure 4c). Remarkably, the random forest model trained on data predicted
280 by MicroProphet achieved classification accuracy comparable to that the actual
281 observational dataset, significantly outperforming predictions based solely on data
282  from initial four time points. These results underscore MicroProphet’s ability to
283  accurately infer future health status from limited temporal microbiome data.

284

285  To further simulate the dynamic changes in microbial abundance trgectories under
286 different intervention effects, we selected one IBD patient who had not taken
287  antibiotics (C3037) and another who had taken antibiotics (P6016) from the training
288 dataset to fit their respective trgjectory changes (Supplementary Figure 5). We
289  observed that although both subjects were diagnosed with IBD, the two key species
290 (Bacteroides uniformis and Eubacterium rectale) exhibited markedly different
291 trgectories due to antibiotic intervention. Specifically, patient P6016 showed a
292  pronounced decline in microbial abundance at early stages, reflecting the antibiotic
293 treatment effect. These personalized predictions not only reveal subtle temporal
294  variations that may indicate disease progression or therapeutic response, but also
295  highlight the potential of MicroProphet for proactive and intervention strategies.

296

297  Additionaly, the longitudinal data allow us to investigate microbial community
298  stability by quantifying the dissmilarity between-sample pairs in relation to
299 collection date intervals. Our andysis revealed that the IBD-associated gut
300 microbiome exhibited a more higher rate of tempora fluctuation compared to
301 non-IBD microbiomes (Figure 4f), corroborating previous reports.®> Such
302  microbiome instability may play a critical role in IBD onset, progression, and
303 inflammatory regulation, further suggesting the microbiome as a viable target for
304 personalized interventions. Meanwhile, we assessed the species recolonization rate,
305 measured by consistency when a species is detectable after being undetected in one
306 or more consecutive samples. The overall recolonization rate (measured by
307 1 — pairwise Jaccard distance)® was significantly associated with DMI
308 (Supplementary table 3 and 5). Our results suggested that highly individualized
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321

strains are more likely to recolonize (Figure 4Q), validating a hypothesis raised by

fecal transplantation studies® and implying its potentia efficacy in treating

IBD-associated dysbiosis.

Collectively, these findings demonstrate that our transformer-based digital twin

framework not only accurately predicts longitudinal microbial dynamics in the IBD

cohort but aso offers promising applications for personalized microbiome-based

healthcare. By enabling real-time monitoring of microbia responses to therapeutic

interventions, MicroProphet represents a powerful computational tool to support

predictive intervention strategies in managing chronic diseases like IBD.
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Figure 4. Microbial abundance predictions using the MicroProphet model on

the I1BD dataset. (a) Sampling time points for several patients in the I1BD
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322 dataset. Each row represents a patient, and red dots indicate the actual measured
323 time points. (b) Comparison of prediction performance for different methods.
324  The left panel shows Pearson and Cosine Similarity metrics (in yellow and green
325 respectively), while the right panel shows RMSE (in blue). (c) Classification
326  performance for distinguishing IBD from non-IBD subjects. Employed random
327  forest models to distinguish between IBD patients using three distinct datasets. the
328 data predicted by MicroProphet combined with actual samples from the initial four
329 time points (orange); actual samples only from the initial four time points (red); the
330 actual observational dataset (green). (d) Predicted trajectories of Bacteroides
331 uniformis and Eubacterium rectale. Line plots show the tempora abundance
332 trgectories of Bacteroides uniformis and Eubacterium rectale for a single subject.
333 The red lines represent the actual abundances, while the blue lines represent the
334  predicted abundances. Shaded areas indicate confidence intervals for the predictions.
335 The x-axis represents time, and the y-axis represents microbial abundance values. (€)
336 Pearson correlation heatmap between actual and predicted microbial
337 abundances for top-ranked species acr oss subjects. Darker colors indicate higher
338 correlations, whereas lighter colors represent lower correlations. "NA" values
339 indicate cases where the microbial abundance was zero, making Pearson correlation
340 calculation unavailable. (f) Linear regression analysis of microbiome stability
341 over time. Blue represents non-IBD subjects, and green represents IBD subjects.
342  Y-axis representing the Beta values from the analysis. (g) Correlation between the
343 DMI index and bacterial recolonization rate. The x-axis represents the value of
344  recolonization rate, and the y-axis represents the DMI value. RMSE, root mean
345  squared error; DMI, degree of microbial individuality.

346

347  Uncovering microbial dynamics during corpse decomposition with
348 MicroProphet

349 To demonstrate MicroProphet's capability to establish reliable long-term forecasts
350 from limited initial observations, we applied it to the Corpse dataset
351 (Supplementary table 1), modeling microbial dynamics during human corpse

352  decomposition and fitting decomposition timelines based on predicted data. The
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353  dataset > was obtained from the face skin of 34 corpses sampled continuously over
354 21 days of decomposition.

355

356 Beta diversity analysis at initial 30% of time points (Figure 5a) revealed clear
357 temporal shifts in microbial community composition, with a marked separation
358 aong the PCoA1l axis. This pattern indicates substantial microbial changes during
359 early decomposition, followed by a progressive stabilization after day 4 of
360 decomposition. MicroProphet achieved high accuracy in predicting microbial
361 abundance trajectories, demonstrating strong performance across multiple evaluation
362 metrics (Pearson correlation = 0.72; cosine similarity = 0.776; RMSE = 0.118;
363 Supplementary Figure 6 and Supplementary table 3). The predicted temporal
364 trgjectories closely mirrored the actual observed microbial dynamics, accurately
365 capturing the characteristic rise and fal of microbial taxa abundances during
366  decomposition (Supplementary Figure 7). To further validate these predictions, we
367 employed random forest regression models trained separately on actual and
368 predicted microbia abundance data to estimate decomposition days. Both models
369 achieved high regression accuracy (R®> > 0.9; Figure 5b, c), underscoring
370  MicroProphet's reliability in accurately forecasting decomposition progression and
371  estimating days of decomposition.

372

373  Next, we compared the feature importance rankings derived from the random forest
374  model for estimating days of decomposition (Figure 5d) with the microbial feature
375 importance calculated by SHAP analysis in MicroProphet (Figure 5e, see M ethods).
376  The results showed a high degree of consistency between the two methods in
377 identifying key microbial taxa. Notably, Gammaproteobacteria, Bacilli, and
378  Actinobacteria ranked among the top taxa in both approaches, supporting previous
379  findings on their involvement in corpse decomposition.?*? Gammaproteobacteria
380 exhibited asignificant increase during the early and middle stages of decomposition,
381 followed by a decline in the late stage (Supplementary Figure 7). This initial
382 proliferation is likely associated with its ability to thrive in low-oxygen or anaerobic

383  conditions while secreting hydrolytic enzymes such as proteases and lipases, which
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384 facilitate the breakdown of soft tissues?®. However, as decomposition progresses, the
385 depletion of tissue substrates and shifts in environmental conditions may limit its
386 further growth, leading to a reduction in abundance. This decline may signal the
387  transition from tissue degradation to the later mineralization stage of decompasition.
388 Bacilli, widely present in human skin, soil, and external environments, possess a
389  sporulation ability that confers resistance to extreme conditions, allowing them to
390 persist even in the late stages of decomposition® (Supplementary Figure 7).

391

392 To investigate the temporal dynamics and dependencies between time points, we
393 analyzed the attention scores generated by MicroProphet. The results revealed that,
394 when predicting future microbia abundances trgjectories, initial time points
395 exhibited a notably higher dependency on the fourth time point. Specifically, its
396 cumulative attention score (1.22) was as high as 54.4% above that of time point 7,
397 and as low as 8.9% above that of time point 5 (Figure 5f). We thus infer that day 4
398 of decomposition may represent a critica transition point in the microbial
399  succession process. This finding, together with the observed stabilization in beta
400 diversity after day 4 of decomposition (Figure 5a), which indicated substantial
401  shifts in community composition during the initial four days, followed by a
402  progressive stabilization thereafter.

403

404  Ultimately, the model's ability to capture long-term microbial trends and accurately
405 predict decomposition days underscores its potential as a powerful tool for forensic
406  applications. Notably, the attention mechanism identified crucial transitional time
407  points, such as day 4 of decomposition, which may serve as inflection points in

408 microbia community succession.
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410 Figure 5. Microbial abundance predictions using the MicroProphet model on
411 the Corpse dataset with complete time points. (a) Beta diversity analysis at
412 initial time points. The clear separation between time points along the PCoA1 axis
413 indicates strong temporal shifts in microbial community composition during
414  decomposition. Each point represents a microbial sample, and colored ellipses
415 indicate 95% confidence intervals for each time point. Group differences were tested
416 using permutational multivariate analysis of variance (PERMANQOVA), with ***
417 indicating p < 0.001. (b) Linear regression of decomposition days using actual
418 microbial data. The scatter plot illustrates the regression of actual days of
419  decomposition based on the microbial abundance data using a Random Forest model.
420  Y-axis represents predicted days; X-axis represents decomposition days. (c) Linear
421 regression of decomposition days using predicted microbial data. The scatter
422  plot demonstrates the regression of decomposition days using the predicted
423  microbial abundance data from the MicroProphet model. The Y-axis represents
424  predicted days; the X-axis represents decomposition days. (d) Feature importance
425 ranking of microbial taxa based on the random forest model for days of

426  decomposition prediction. The horizontal axis represents the percentage increasein
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427  mean squared error (% increase in MSE). (e) Feature importance ranking derived
428 from SHAP analysis in the MicroProphet model. The horizontal axis represents
429 the standardized SHAP values. (f) Attention scores among different time points.
430 Each cell represents the attention score computed by the MicroProphet from one
431 initia time point (rows) to another (columns). The color intensity indicates the
432  strength of the attention, with blue representing stronger attention and yellow
433  representing weaker attention. For example, t1 to t4 shows the strongest attention
434  score (0.21), indicating that t1 has the highest dependency on t4 during the
435  prediction process.

436

437 Personalized predictions of infant gut microbial dynamics across

438 cesarean and vaginal births

439  MicroProphet could also be applied to modeling dynamic changes in the early infant
440  gut microbiome, which are characterized by high irregularity and pose significant
441  challenges for accurate prediction. To capture the highly unstable individual-level
442  microbial shifts, we simulated personalized microbial abundance trgectories for 36
443  infants using microbiome data collected over a 40 to 50-day period after birth
444  (Supplementary table 1). Initialy, infant gut microbial communities were
445  dominated by Clostridia, Bacilli, and Gammaproteobacteria (Figure 6a), which
446 formed the core microbia community. Using MicroProphet, we predicted the
447  microbia abundance trgectories for each infant individually, capturing the temporal
448  dynamics of the gut microbiome in a personalized manner. As shown in Figure 6b,
449 the predicted trgectories of Bacilli differed between infants born via cesarean
450 section (C-section) and vagina delivery (VD). Specificaly, infants delivered
451  vaginally exhibited a consistently higher abundance of Bacilli compared to infants
452  delivered via C-section (Figure 6b), aligning with previous reports suggesting that
453 vagina birth exposes infants directly to maternal microbiota, influencing early
454  microbia colonization patterns %’

455

456  To further elucidate the tempora interactions within the infant gut microbiome, we
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457 employed Local Similarity Analysis (LSA),”® a method capable of capturing
458 time-lagged correlations that may be overlooked by Pearson correlation analysis
459  (Supplementary table 6). We identified Bacilli and Clostridia as key nodes within
460 the microbia interaction network. According to previous studies®*® Bacilli,
461 commonly associated with early gut colonization, play a crucia role in nutrient
462  metabolism and immune system modulation. Clostridia, on the other hand, are
463  prominent members of the gut microbiota and are known for their role in fermenting
464  complex carbohydrates, producing short-chain fatty acids, and maintaining gut
465 homeostasis.®! We employed Kolmogorov-Smirnov (KS) testing to determine the
466  directional relationships between microbes, assessing whether one microbe
467  statistically preceded another in terms of its distribution. For example, we observed
468 adirected positive correlation where the temporal distribution of Clostridia preceded
469 that of Flavobacteria (Figure 6c¢). Such temporal precedence suggested Clostridia
470 might create environmental conditions favorable for subsequent colonization by
471  Flavobacteria, potentially via metabolic activities such as short-chain fatty acid
472  production® These nuanced temporal microbia interactions highlight
473  MicroProphet’s sensitivity and accuracy in capturing biologicaly meaningful,
474 dynamic microbiome relationships.

475

476  Taken together, these results illustrate MicroProphet's significant potential for
477  personalized forecasting of early-life gut microbiome dynamics, providing novel
478 insights into microbial colonization patterns influenced by birth mode. This
479  capability holds promise for guiding precise, personalized microbiome-targeted
480 interventions during the critical early developmental window, thereby promoting

481 long-term infant health.
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483 Figure 6. Personalized trajectories and microbial interactions in infant gut
484  microbiome. (a) The abundance distribution of different microbial taxa in the
485 infant gut microbiome. (b) Predicted microbial abundance trajectories for
486 Bacilli in infants born via cesarean section and vaginal delivery. The red line
487  represents actual microbial abundance, while the blue line represents predicted
488  values. Pearson correlation coefficients are displayed for each tragjectory. The x-axis
489  represents time, and the y-axis represents microbial abundance values. (c) Microbial
490 interaction network based on L SA. Light blue lines represent positive correlations,
491  while light brown lines represent negative correlations between the bacterial groups.

492  The values on the edges represent the correlation coefficients. he direction of the
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493  relationship is determined by the Kolmogorov-Smirnov test, with a p-value < 0.05
494  indicating the presence of adirected relationship. LSA, Local Similarity Analysis.
495

496 Discussion

497  Despite growing recognition of the importance of forecasting microbial community
498 dynamics in both clinical and ecological contexts, current modeling approaches are
499 hampered by persistent limitations in handling real-world longitudinal data.
500 Traditional methods often depend on interpolation or data alignment to handle
501 missing observations, procedures that may distort true microbial tempora signals
502 and reduce biological fidelity. Moreover, these conventional methods, such as the
503 gLV equations, rely on rigid assumptions about microbia interactions, restricting
504 their applicability across diverse microbiome scenarios. Consequently, such
505 methodological constraints hinder the development of accurate and actionable
506 forecasts, which are essential for timely clinical interventions or ecological
507 management. Here, we address these challenges by proposing MicroProphet, a
508 generative digital twin framework that captures complex temporal dependencies and
509  exhibits adaptability across multiple scenarios.

510

511 One of the key findings from this study is the ability of MicroProphet to make
512  personalized predictions of microbial dynamics, particularly in the clinical contexts
513 like IBD. In contrast to traditional methods that assume one-size-fits-all approaches
514 to microbial data, our framework can uncover subtle microbial shifts uniquely tied
515 to each patient's health status and disease progression. For instance,
516 Faecalibacterium prausnitzii, an anti-inflammatory bacterium, is typically reduced
517  in abundance in IBD patients. **3* Conversely, Bacteroides fragilis, associated with
518  pro-inflammatory responses, is often found at higher levels in these patients.® By
519  accurately forecasting the abundance of such key taxa, MicroProphet can predict
520 disease states like IBD with high accuracy (AUC = 0.93), highlighting its utility in
521 identifying early, personalized biomarkers and disease markers. This discovery lays

522 the foundation for future intervention studies. MicroProphet's predictive capacity
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523 could guide the timing of fecal microbiota transplantation (FMT) or probictic
524  administration (e.g., Lactobacillus and Bifidobacterium-based formulations) based

525  on red-time microbia trgjectory simulations.®*® ¥

The subject-specific forecasts
526  provided by MicroProphet could inform the optimal timing and dosage of such
527 interventions, thereby moving us closer to truly personalized, microbiome-based
528 therapiesthat are both accurate and clinically relevant.

529

530 Another critical aspect of MicroProphet is its capacity to handle incomplete dataset.
531 Most traditional models, including DBN* and MDSINE’, require data alignment or
532 interpolation, processes that can introduce bias or remove valuable information,
533  especialy when dealing with missing observations. MicroProphet, however, directly
534  processes incomplete longitudinal data without the need for such preprocessing by
535 employing time-aware positional encoding. This feature is handy in real-world
536  settings, where sampling schedules are often irregular. 1t not only enhances the
537  robustness of predictions but also offers a more accurate representation of microbial
538 community evolution across diverse ecosystems. This flexibility allows
539  MicroProphet to be applied broadly across multiple environments—from human
540  microbiomes to environmental and synthetic microbial communities—without the
541 limitationsimposed by rigid datainterpolation requirements.

542

543  Furthermore, MicroProphet demonstrated robust long-term forecasting capabilities
544 Dby utilizing only the initial 30% of time points. This reliable predictive performance
545 is enabled by its attention mechanisms, which also effectively capture critical time
546  points indicative of significant microbial community shifts. For example, in the
547  corpse decomposition context, our model successfully predicted microbial
548 community shifts throughout a 21-day decomposition period based solely on
549 microbial abundances measured during the first 7 days. Additionally, the attention
550 mechanism identified crucial transitional time points, such as day 4 of
551  decompoasition, which may represent key inflection points in microbial community
552  dynamics. Such predictive accuracy is particularly valuable in forensic microbiology,

553 where estimating the days of decomposition precisely and rapidly is crucial for
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554  investigative timelines.™® Additionally, early forecasting of microbial succession
555  patterns can substantially benefit environmental microbiology, aiding in the timely
556  detection of ecological disturbances and facilitating proactive interventions.
557  Callectively, these findings underscore the broad potential utility of MicroProphet
558 across various time-sensitive fields by providing accurate, early, and actionable
559  predictions based on minimal initial data. >

560

561 MicroProphet’s cross-ecosystem adaptability further cements its position as a robust
562 and broadly applicable model for microbial dynamics. In our evauations,
563  MicroProphet consistently achieved Pearson correlation coefficients exceeding 0.80
564 and RMSE values below 0.10 across multiple ecosystems, including human gut and
565  skin microbiota, synthetic communities, and corpse decomposition scenarios. Even
566 in the challenging context—predicting community shifts in preterm infants gut
567  microbiome—MicroProphet maintained a Pearson correlation of 0.92, underscoring
568 itsresiliencein highly dynamic and complex environments. By accurately capturing
569 system-specific patterns, the model reveals key ecological factors—such as
570 community stability, recolonization dynamics, and keystone taxa—that inform
571 targeted interventions. This level of predictive power across diverse use cases not
572  only highlights MicroProphet’s robustness but also enables deeper insights into how
573  microbia communities respond to perturbations. Coupled with its capability of
574  handling missing observations, MicroProphet thus provides researchers with the
575 flexibility to identify critical microbial biomarkers and interactions across a wide
576  range of ecological and clinical settings, driving forward precision strategies in both

577 healthcare and environmental management.

578

579 Despite these promising advances, our study has certain limitations. While
580 MicroProphet effectively processes microbia abundance data, future work should
581  consider integrating multi-omics datasets (e.g., metagenomics, metabolomics) to
582 provide a more holistic view of host-microbiome interactions. In addition,

583  incorporating real-time monitoring and dynamic feedback mechanisms could further
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584  enhance the model’s applicability in clinical decision-making and environmental
585 management. Looking ahead, expanding the model to integrate spatiotemporal
586  data—capturing not only temporal trends but also spatial variations in microbial
587  compoasition across different body sites or environmental niches—will offer a more
588 comprehensive digital twin of microbial ecosystems, further enriching the predictive
589  capabilities of our framework.

590

591 In conclusion, MicroProphet provides a powerful and generative digital twin
592 framework for forecasting microbial community dynamics with personalized
593 precision. The framework consistently demonstrates state-of-the-art predictive
594  performance across diverse ecosystems, highlighting its robustness. Additionally, its
595 time-aware position encoding design directly handles incomplete datasets with
596 substantial missing observations (up to 30%) without relying on interpolation,
597 preserving biological fidelity and avoiding bias introduced. Moreover, the
598 framework reliably establishes long-term forecasts using only the initial 30% of time
599  points. Most importantly, MicroProphet achieves personalized microbial trajectory
600 forecasts under various perturbations, facilitating subject-specific insights critical for
601 precision medicine and tailored interventions. Taken together, these advancements
602 position MicroProphet as an innovative solution to transforming complex
603  microbiome data into actionable predictions, driving forward the fields of microbial

604  ecology, personalized healthcare, and environmental management.


https://doi.org/10.1101/2025.05.08.652793

bioRxiv preprint doi: https://doi.org/10.1101/2025.05.08.652793; this version posted May 8, 2025. The copyright holder has placed this preprint
(which was not certified by peer review) in the Public Domain. It is no longer restricted by copyright. Anyone can legally share, reuse, remix, or
adapt this material for any purpose without crediting the original authors.

605 Materialsand Methods

606 Data collection and pre-processing

607 Our study collected four public time-series microbiome datasets for testing our
608 method. These datasets cover microbial communities from different microbial
609 ecosystems, covering both human-associated and environmental microbiomes.
610 Supplementary table 1 summarizes each longitudinal microbiome data set used in
611 thisstudy.

612

613  Synthetic Microbial Communities dataset: The synthetic microbial communities
614  dataset was collected by Hu et al.** They created 32 different synthetic communities
615 using randomly generated subsets of the library of 50 isolates, each consisting of 12
616 to 20 genera. Microbial community composition was measured via 16S ribosomal
617 RNA (rRNA) amplicon sequencing. These communities were categorized into
618  high-nutrient and low-nutrient conditions, with the low-nutrient condition consisting
619 of 1gl-1 of yeast extract, 1gl-1 of soytone, 10mM sodium phosphate, and trace
620 eements, while the high-nutrient condition was supplemented with 5gl-1 of
621 glucose and 4gl-1 of urea to increase interaction strength by amplifying resource
622 competition and promoting environmental pH fluctuations. Overall, 384 samples
623  from 32 synthetic communities over 12 days were used for further analysis.

624

625 Inflammatory bowel disease (IBD) dataset: The IBD microbiome dataset was
626  collected by Lloyd-Price et al. as part of the Integrative Human Microbiome Project
627 (HMP2 or iHMP)."”® This large-scale study aimed to characterize the gut microbial
628 ecosystem in patients with IBD, including Crohn’'s disease (CD) and ulcerative
629 colitis (UC), through a multi-omics approach. Longitudinal stool samples were
630 collected from 132 participants, including IBD patients and healthy controls.
631  Samples were taken every two weeks for one year. A subset of 534 samples from 65
632 participants were used for the evaluation of MicroProphet. The microbes were
633 identified at the species level.

634
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635 Corpse dataset: This dataset consists of microbial community data collected from
636 36 human corpses placed outdoors at three willed-body donation facilities: Colorado
637 MesaUniversity Forensic Investigation Research Station (FIRS), Sam Houston State
638 University Southeast Texas Applied Forensic Science (STAFS) Facility, and
639  University of Tennessee Anthropology Research Facility (ARF).* The corpses were
640 exposed to varying environmental conditions over the years 2016 and 2017. Data on
641 ambient temperature, humidity, scavenging status, and insect activity were also
642 recorded. Daily samples were collected to analyze microbial dynamics during the
643  decomposition process. We utilized the 16S rRNA gene amplicon dataset of face
644  skin for analysis. A subset of 34 corpses sampled at 21 time points was filtered for
645 forecasting, with afocus on 11 microbial taxa (class level).

646

647 Infant dataset: The dataset was collected by La Rosa et al.'’” from 58 pre-term
648 infants in a neonata intensive care unit (NICU). The data include 922 gut
649 metagenomes over the first 12 weeks of life, with microbial samples collected every
650 day or two on average. Temporal alignment was performed to address varying rates
651 of change between individuals by Lugo-Martinez et al.'®> The time scale of each
652 sample was warped to match the scale of a reference sample using a first-degree
653  polynomial transformation function. This alignment ensured that corresponding time
654 points across individuals were comparable, enabling accurate comparisons of
655 microbia abundances and improving the identification of dynamic relationships
656  between microbial taxa (class level). A total of 360 gut metagenomes from 36
657 infantsat 10 time points were filtered for forecasting.

658

659 Modd Architecture

660 We developed a tempora modeling framework named MicroProphet for microbial
661 time-series prediction, based on a modified PatchTST (Time Series Transformer)
662 model® implemented using the Huggingface Transformers library. This model
663 comprises two transformer layers, each integrating multi-head self-attention and
664 feed-forward neural networks with Gaussian Error Linear Unit (GELU) activations

665 and layer normalization. Key parameters include the number of input channels (i.e.,
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666 the number of features in the dataset), context length (i.e., total number of time
667 points minus the forecast horizon), forecast horizon (30% of the total number of
668 time points), number of hidden layers (3 layers), embedding dimension (64), patch
669 length (1 time step), patch stride (1 time step), number of attention heads (4),
670 feed-forward network dimension (256), use of scaling (not applied), and prediction
671 length (equal to the forecast horizon). Training is performed with a learning rate of
672 10® batch size of 8, 1000 epochs, early stopping with a patience of 3, and
673 evaluation at the end of each epoch.

674

675 Data Representation and Patching: Each microbial time series x;(t) is
676 represented as a sequence of abundance values over time. For a given
677  microorganism i, the time series x; = (x;(1),x;(2), ..., x;(T)), where T is the
678 total number of observed time points, forms the input for MicroProphet. The data are
679 then divided into patches, where each patch corresponds to a fixed-length window of
680 thetime series, denoted by P, with astride S. These patches are designed to capture
681 thetemporal dependencies of microbial abundance across consecutive time intervals.

682  Specifically, the patching process generates M patches, where:
T—-P
= — 1
M [ —|+1 1

683  Each patch x{ € RP*M represents a segment of the time series and is treated as an
684 input token to the Transformer model. By applying this patching method,
685 MicroProphet reduces the complexity of long time series data while preserving
686 temporal dependencies, thereby enabling more efficient learning of microbial
687  abundance dynamics. To ensure consistency in input dimensions, padding is applied
688 by repeating the last observed value x;(T) a the end of the sequence before
689  patching:

% = (D), x:(2), oo, (1), x:(T), ..., %:(T)} )
690 Where the padding length is set to S. This approach prevents the model from losing
691 information at the sequence boundary and stabilizes learning.
692
693 Transformer Encoder: The core of the MicroProphet is the Transformer encoder,

694  which maps the observed microbial abundance sequence into latent representations.
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695 Each patch x! is projected into a high-dimensional space via a linear projection
696  matrix:
xi = Wpxp + Wos ©)

697  where W, € RP**, followed by the addition of positional encoding R,,s € RF*M,
698  which encodes the temporal information of each patch.
699
700 The transformed patches are then passed through multiple layers of multi-head
701 attention and feed-forward networks. For each head h, the attention mechanism
702  computes query, key, and value representations as follows:

}(1i) _ xéi)TWhQ, K}(li) _ x((ii)TW’{(, Vh(i) _ xg)TW,{’ @)
703 Where W2, WX, WY eRP*% are trainable weight matrices. The scaled dot-product

704  attention is computed as:

T
Attention(Q,K,V) = Softmax(Q

\/d—k)V (5)

705 The Transformer model outputs a sequence of latent representations z;(t), which

706 are then used to predict the future abundance of each microorganism X;(t + At),
707  where At represents the forecast horizon. The prediction process is performed by
708 applying alinear layer to the output of the Transformer encoder:

%;(t + At) = Linear(z;(t)) (6)
709
710 Modd Training and L oss Function: MicroProphet is trained using a mean sgquared
711  error (MSE) loss function, which minimizes the difference between the predicted
712  microbial abundances x;(t + At) and the ground truth x;(t + At). The loss is

713  computed as:
J

Loss = E Z”fi(t + AL) — x,(t + A2 @)

i=1
714  Where ] isthe number of subjects in the dataset. For all the data, 70% was used for
715  training, while 30% was reserved for testing. The model was provided with the data
716  from theinitial 30% of time points to predict the subsequent data points.
717

718 Handling Missing Observations: To handle missing observations during training,
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719  MicroProphet employs a self-supervised learning technique. During training, certain
720 time points are randomly masked, and the model is required to predict these missing
721  values based on the context provided by other available time points. This masking
722  strategy enables the model to learn the inherent temporal patterns and dependencies
723  within the time series even in the presence of missing observations, thus enhancing
724 itsrobustness. Moreover, the introduction of positional encoding allows the model to
725  treat missing observations as an implicit "blank” rather than simple zero-padding.
726  Positional encoding enables the model to retain the relative position information of
727  each time point, ensuring that even in the absence of certain data points, the model
728 can ill accurately capture the temporal dependencies within the sequence,
729 maintaining the consistency of the predicted time series. Thus, MicroProphet is not
730 only capable of making predictions in the presence of missing observations but also
731 capable of learning and inferring the missing value, ultimately generating a compl ete
732  time series. This capability allows MicroProphet to exhibit stronger adaptability and
733  prediction accuracy when dealing with sparse or incomplete data.

734

735 SHAP Analysis for Microbial Feature Importance: To interpret the contribution
736  of individua microbial taxa to time-series predictions, we employed SHapley
737  Additive exPlanations (SHAP) analysis. The Shapley value @; for a given feature i
738  isdefined as:

nI(F] = Inl = D! .
0, = n;i} T [fmu{ih) —fm] (8)

739 Where F isthe set of all microbia taxa, n is asubset of F excluding feature i,
740  f(n) isMicroProphet’s output when trained on subset 1. This equation ensures that
741  the contribution of each microbial taxon is fairly distributed across all possible
742  feature sets, providing an interpretable importance score.

743

744  Evaluation Metrics: The evaluation of the model performance was conducted using
745  both first-order metrics, which assess numerical accuracy, and second-order metrics,
746  which evaluate ecological plausibility. First-order statistics include root mean

747 squared error (RMSE), Pearson correlation and Cosine similarity, while the
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748  second-order metrics encompass indices such as the beta diversity index, among
749  others.
750

751 Degreeof microbial individuality

752  The Degree of Microbial Individuality (DM1) quantifies the variability in microbial
753 composition of a specific genus across individuals, with a higher DMI indicating
754  greater individual-specific variation in microbial taxa. It is defined as the difference
755  between the inter-individual and intra-individual Beta-diversity (BC distance) of a
756  particular genus. The inter-individual BC distance reflects the variation in microbial
757  composition between different individuals, while the intra-individual BC distance
758  captures the variation within an individual over time. To compute DMI, we employ a
759  bootstrap resampling technique®, which involves repeatedly resampling the data
760  with replacement to assess the robustness and variability of the DMI estimates.
761  Specifically, for each genus, the data are resampled and the DMI value is calculated
762  using the following formula:

DMI i = BC inter — individual — BC intra — individual 9)
763  Thisresampling process is repeated multiple times to generate a distribution of DMI
764  estimates, providing a comprehensive understanding of the stability and reliability of
765 the DMI metric. In order to ensure the accuracy of the DMI estimates, we consider a
766  DMI value reliable only if the standard deviation of the bootstrapped distribution is
767  lessthan 15 times the mean DMI. Thisthreshold helps to filter out any estimates that
768  may be influenced by high variability or uncertainty in the data.
769

770 Betadiversty analysis

771 The beta diversity was used as a measure of between-sample differences in
772  community composition and was quantified as Bray-Curtis dissimilarity. The
773  principal coordinate analysis (PCoA) was used to sort and visualize the beta
774  diversity matrices. Differences in beta diversity between groups were tested using
775 the ‘adonis2’ implementation of permutational multivariate analysis of variance
776  (PERMANOVA).
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7

778 Local Similarity Network Analysis as a Directed and Weighted
779 Networks

780  To uncover the temporal associations and interactions between microbial species,
781  Loca Similarity Analysis (LSA)* was employed for network discovery. LSA is an
782  advanced technigue designed to capture both direct and time-lagged associations
783  between species and environmental factors, without requiring significant data
784  reduction. Traditiona methods, such as Pearson Correlation Coefficient (PCC)
785 analysis, are limited to identifying linear relationships and often fail to capture more
786 complex, non-linear interactions that frequently occur in situ. By contrast, LSA
787  excels at detecting these intricate dependencies, making it particularly useful for
788  modeling ecological dynamicsin microbial communities.
789
790  For two species-normalized time sevies x;(t) and x;(t), we initialize two matrices:
791  the positive score matrix Py and the negative score matrix Ny, both set to zero:
Poy = Pro=0, Noy= Npo=0 (10)
792 These matrices will store cumulative scores representing positive and negative
793 correlations between x;(t) and x;(t) at different time points t; and t;,
794 1=1,..,T, h=1,..,T. For each time points t; and t,, where |t; — t,| < D
795 (with D asaspecified time lag threshold), the score matrices are updated iteratively.

796  The positive score matrix P isupdated as follows:

Piiiper = max{O, P+ x;(tq) - xj(th+1)} (11)
797  Similarly, the negative score matrix N isupdated as:
Nipqper = max{O, Nyp = xi(t41) - % (th+1)} (12)

798  After iterating through all timepoints, the maximum positive and negative scores
799  between species i and j are determined as follows:

P(xi; Xj) = 12}%& Py, N(Xi, xj) = 1211,%)5(T Nyp (13)

800 Then, the loca similarity score LS(x;x;) is computed by normalizing the

801 maximum score by the total length of the time series T:
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max{P(x;,x;), N(x;, x;) } (14)
T

802 To determine whether the interaction is positive or negative, the sign of the

LS(Xi, X}) =

803  similarity scoreis calculated as:
Flag (xi, xj) = sgn(P(xi, xj) — N(xi, x]-)) (15)
804 Ladt, the coefficient A;; between species i and species j is obtained using local
805 similarity score and its corresponding flag:
Ay = Flag(xi, xj) . LS(xi, xj) (16)
806 The application of LSA thus enhances the robustness and reliability of ecological
807 network analysis, particularly when dealing with complex, interdependent biological
808  systems.
809
810 To further determine the directional relationship between species, we applied the
811 Kolmogorov-Smirnov (KS) test to compare the distribution of time series between
812  two species. The KStest is a non-parametric statistical method used to evauate the
813 difference between two sample distributions. Specifically, the KS test calculates the
814 maximum deviation between the two sample distributions and evaluates the
815 significance of this difference using the following formula:
D = sup|F(x) — G, (x)] 17
816 Where E.(x) and G,(x) represent the cumulative distribution functions (CDFs) of
817  species x; and x;, respectively, and D isthe KStest statistic.
818
819 By computing the CDFs of each species, we inferred the leading relationship
820  between the species. If the CDF of species x; precedes that of species x;, we
821 consider species x; as leading species x;, and vice versa. The directional
822  relationship can be determined using the following condition:
x; leads x;, if max (F(x;) > max (G, (x;))

x; leads x;, if max (F,(x;) > max (G, (x;)) (18)

Direction = {
823
824 UMAP for microbiomedistribution

825 The distribution of the microbiome was visualized using Uniform Manifold
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826  Approximation and Projection (UMAP) with the R package "Seurat" (version 4.0).
827  Prior to the application of UMAP, the count data were first normalized to relative
828 abundance. A distance matrix was then computed using Bray-Curtis dissimilarity
829  through the R package "Vegan" (version 2.6-2). Subsequently, Principal Coordinate
830 Analysis (PCoA) was performed to transform the distance matrix. The UMAP
831 projection was then calculated, and the results were visualized using the first two
832 dimensions.

833

834 Materialsavailability

835 Thisstudy did not generate new unique reagents.
836

837 Data and code availability

838 All source code and data were available at

839  hitps://github.com/HUST-NingKang-Lab/MicroProphet. Any additional information

840 required to reanalyze the data reported in this paper is available from the lead
841  contact upon request.
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