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Supplementary Methods
1. Animal
The use of fecal microbiota transplantation from human samples to rodents as a method for transferring disease or disorder phenotypes is a well-established practice across various health disciplines. This technique has been applied in studies ranging from obesity and gestational diabetes to inflammatory bowel diseases (Xu et al., 2015), Notably, it has also been utilized in psychiatric research, such as a landmark study that successfully transferred a depression phenotype to rats (Kelly et al., 2016) as well as in neurodegenerative research, including the transfer of Parkinson's disease characteristics (Sampson et al., 2016) . For a comprehensive review of this method, see (Chinna Meyyappan et al., 2020).
2. Procedure
In early childhood, 10 minutes of mother-child free play interactions were videotaped. The experimenter placed a box of preselected toys in front of the mother, and instructions were “Play with your child as you normally do” (Feldman et al., 2013). In late childhood, we used the well-validated positive interaction paradigm in which mother and child are given seven minutes to plan the "best day ever" to spend together (Halevi et al., 2017). In early adolescence, dyads visited the laboratory and were asked to play an "Etch a Sketch" game together for 7 minutes. Each partner controlled one knob and the two collaborated in drawing a joint picture (Yirmiya et al., 2018).

3. Stool sample collection and storage
During the late adolescence home visit, sterile stool sample collection tubes and instructions were provided, and subjects were instructed to use the sterile spoon and sterile 50 mL tubes to collect fresh stool samples. Participants kept the tubes in a cold dark place for 3-7 days until a research assistant collected the samples. Samples were kept frozen at -80°C until analyzed using 16S rRNA gene sequencing, as previously described (Jasner et al., 2021; Tal et al., 2021; Uzan-Yulzari et al., 2021).

4. Demographic variables: birth order
We accounted for differences in birth order between exposed and control groups as a covariate, alongside age, gender, BMI, etc., in our analysis. Literature suggests a nuanced relationship between birth order and PTSD outcomes. For example, one study found that individuals with PTSD are more likely to be the youngest children in large families(Green & Griffiths, 2014). Conversely, other studies indicate that firstborns may exhibit heightened anxiety symptoms in adolescence (Jabeen & Rauf, 2021), while last-borns tend to have the lowest total difficulties score according to the Strengths and Difficulties Questionnaire (SDQ) (Fukuya et al., 2021). Given the varied implications of these findings and the common practice in developmental psychology to consider birth order, we controlled for this variable to ensure a more nuanced and accurate analysis of our data.
5. Psychiatry diagnoses
Validated questionnaires and assessment methods were used for child and maternal psychiatry diagnoses at the various visits.
a. PTSD in early childhood: The Diagnostic Classification of Mental Health and Developmental Disorders of Infancy and Early Childhood (DC:0-3)(DC & Force, 2005) was used to diagnose PTSD in early childhood. PTSD was assessed by trained clinicians according to psychiatric classification criteria for early childhood. Clinicians were supervised by a senior clinical child psychologist and a child psychiatrist, and cases were conferred every few weeks. For those interested in a more in-depth description of the procedure, we refer to Feldman and Vengrober (2011) for further details. First, mothers were asked in detail about the nature of the trauma, the level of exposure of the toddler and his family, a description of the details of the incident, whether any of the family members were directly harmed and the expression of the toddler's fear, terror and general emotional response to the traumatic event. Next, mothers rated the child's post-traumatic symptoms. The experimenter read to the mother a list of 58 items describing symptoms of re-experiencing, avoidance and withdrawal, over-arousal, two new scales “fears and aggressions” and “developmental regression”, which were added based on a previous study (Feldman et al., 2007). Each of the symptoms was coded on a 3-point scale that referred to the frequency of symptoms: 1- does not occur, 2- describes a symptom that occurred with a low frequency (less than once a week) and 3 describes a high frequency of the symptom (at least two-three times a week). PTSD was diagnosed based on the DC:0-3 criteria which include: 1. Exposure to a traumatic event and expression of fear following it. 2. Expression of at least one symptom of re-experience, one symptom of avoidance, and two symptoms of hyper-arousal. 3. In light of the debate in the literature, to qualify for a full-blown PTSD, in the current study, the child had to present also at least one symptom from the "new fears and aggression" category. 
b. Psychiatric diagnosis in early adolescence: The Developmental and Well-Being Assessment (DAWBA) was used to diagnose adolescents’ Axis-I PTSD and internalizing disorder in early adolescence (Goodman et al., 2000). The DAWBA is a structured interview generating ICD-10 and DSM-IV/DSM-5 psychiatric diagnoses in 5- to 17-year-old children. In the DAWBA interview, if a child experiences at least one symptom related to the traumatic event at the highest severity level, they proceed beyond the suggested cut-off to the section that assesses the impact on their functioning and their environment. In cases where parents were uncertain or ambivalent about the extent to which post-traumatic symptoms distress the child, we also considered the presence of other psychiatric diagnoses (so for example if a child suffered from symptoms such as avoiding places that conceived as more dangerous to the child at the highest severity level but the parent was not sure to which extent this causes the child distress however the child was also diagnosis specific phobia). This approach aligns with the theory that trauma can lead to multiple psychopathologies, not limited to PTSD alone. The decision to include adolescents in the PTSD group was grounded in substantial evidence from the literature (Blackmore et al., 2020; Henkelmann et al., 2020). While PTSD is typically the primary focus in trauma exposure studies, extensive research has demonstrated that children exposed to trauma often experience elevated levels of anxiety and depression. This is particularly pronounced among children exposed to war and terror-related trauma where anxiety and depression were found to be even more prevalence than PTSD in some cohorts (Blackmore et al., 2020; Henkelmann et al., 2020). Moreover, these children frequently exhibit high rates of comorbid conditions, as demonstrated in our sample during previous stages of the study and in other similar cohorts (Halevi et al., 2016).

6. Mother-child behavioral variables 
At early childhood, late childhood and early adolescence mothers and children were videotaped in age-appropriate tasks (Feldman et al., 2013; Halevi et al., 2017; Yirmiya et al., 2018). The construct of maternal sensitivity was used to assess maternal caregiving behavior and included the following constructs: maternal acknowledgment of child's social communication, consistent caregiving style, appropriate range of affect, recognition of child's distress or changing state, expansion of child's nonverbal or verbal signals, creativity, maternal supportive presence, and affectionate touch. The maternal sensitivity construct was calculated as the average from the interactions in early childhood, late childhood and early adolescence. Coding was conducted by two trained coders, blind to any other information, and exceeded 90% reliability on 20% of interactions for all coded behaviors (k=.82, range=.74–.95).

7. Microbiome characterization
DNA was extracted from all fecal samples (human and mouse) using the PureLink Microbiome DNA Purification Kit (Thermo Fisher, Waltham, MA) according to the manufacturer’s instructions and following a 2-minute bead beating step. The V4 region of the bacterial 16S rRNA gene was amplified by polymerase chain reaction (PCR) using the 515F (AATGATACGGCGACCACCGAGATCTACACGCT) barcoded and 806R (TATGGTAATTGTGTGYCAGCMGCCGCGGTAA) primers (Caporaso et al., 2012). Each reaction contained a final concentration of 0.04% of each primer and 0.5% PrimeSTAR Max DNA Polymerase (Takara-Clontech, Shiga, Japan) in 50μl total volume. PCR reactions were carried out by 30-35 cycles of denaturation (95°C), annealing (55°C) and extension (72°C), with final elongation at 72°C. PCR products were purified using KAPA Pure magnetic beads (Roche, Pleasanton, CA) and quantified using the Picogreen dsDNA quantitation kit (Invitrogen, Carlsbad, CA). Samples were then pooled in equal amounts, loaded on 2% agarose E-Gel (Thermo Fisher, Waltham, MA), purified, and sequenced using the Illumina MiSeq platform (Genomic Center, Azrieli Faculty of Medicine, BIU, Israel).

8. Fecal microbiota transplant experiment
To confirm the microbiota’s role in the PTSD-resilience phenotype, fecal microbiota transfer (FMT) was performed using fecal samples from trauma-exposed adolescents divided into two groups; (a) PTSD: adolescents with a clinical PTSD diagnosis, and (b) No Diagnosis: adolescents without clinical diagnosis (Fig. 3a, Supp. Table 1) transplanted into germ-free mice. The microbiota transplant experiment and reporting are in line with the guidelines for reporting on animal fecal transplantation (GRAFT) (Secombe et al., 2021)
. Germ-free Swiss Webster mice (n=16) were raised in flexible plastic gnotobiotic isolators in the animal facility at the Azrieli Faculty of Medicine, Bar-Ilan University, with controlled temperature (22°C) and light cycle (12h light and 12h dark), housed 2-5 mice per cage until the start of the experiment. The mice had free access to autoclaved food and water. At six weeks of age, mice were removed from sterile isolators. At this time, colonization was performed using samples from 8 Exp-ND and 8 Exp-PTSD adolescents by resuspending human 100mg of stool samples in 700 µL sterile PBS under anaerobic conditions. Donors were selected based on their psychopathology history such that the Exp-PTSD donors were the adolescents with the highest PTSD symptoms score and the Exp-ND donors had the lowest symptoms score. Each mouse was orally gavaged with 300 µL of a sample once a week for two weeks. After this transplant, mice were moved to cages in the conventional room of the animal facility and kept in reverse 12h:12h conditions (dark:light). Mice were housed 2 per cage with a divider separating them to reduce coprophagy. Three weeks after the first transplant, fecal samples were collected, and anxiety-related behavior was examined using the Elevated Plus Maze (EPM) (Walf & Frye, 2007). The mice were placed at the junction of an elevated four-arm maze in which two arms are open and two are enclosed. The number of times the mice entered each of the open/closed arms was recorded for 5 minutes and later coded by two coders who exceeded over 90% reliability on all videos. All animal procedures were approved by the Medicine IACUC Committee (permit 47-07-2020). 
9. Statistical analysis - Canonical Correlation Analysis (CCA)
CCA were used to explore relationships between key microbial features, including Shannon diversity, mother-adolescent microbial synchrony (distance), and two significant genera (Dialister and Veillonella), alongside other metadata such as age, weight, height and other health and diet variables, with respect to our main outcomes including trauma exposure, PTSD diagnosis and CBCL scores at late adolescence. The Spearman correlation computed between the first components of the CCA for each group yielded a strong correlation coefficient of 0.732, accompanied by statistical significance (p-value < 0.001). Furthermore, an examination of the inner weights within each group revealed the weight distributions (Supp. Fig. 2a-b).
10. Statistical analysis – models predicting CBCL
In the first model, we conducted a path analysis using IBM SPSS Amos 25.0 (IBM Corporation, Armonk, NY). Young children’s PTSD symptoms were used to predict emotional problems in late adolescence (CBCL), with microbial diversity and microbial synchrony as mediators, controlling for initial age and gender. Missing data were handled using the maximum likelihood method, a state-of-the-art method for obtaining estimates of the parameters. Indicators of model fit were: nonsignificant chi-square values; root mean square error of approximation (RMSEA) equal to or less than .06; and comparative fit index (CFI), with Tucker-Lewis index (TLI) values >0.95 considered good fit (Hu & Bentler, 1999). To assess the significance of the mediation effects, we used a procedure recommended by Hayes (Hayes, 2017) and calculated the 95% confidence intervals (CI) of the indirect effects based on 5,000 bias-corrected and accelerated bootstrapped samples. Indirect effects in which zero is not included in the 95% CI indicate a significant effect at α<.05. To confirm that our findings were not affected by the missing data imputation, we ran the same linear mediation model using PROCESS macro for SPSS (v. 3.4.1) (Hayes, 2013). For this analysis, bias-corrected standard errors and confidence intervals were generated using 5,000 bootstrapped samples (Preacher & Hayes, 2008). A second model predicted CBCL in late adolescence from PTSD diagnosis in early childhood and the microbiome composition utilizing three alternative Ridge regression models. The full model received input from both the microbiome and the one hot encoded psychopathology variable from early childhood (the 3 different groups: Exp-PTSD, Exp-ND and No-TR). An alternative model shared the same weights of the psychiatric variables and did not contain any microbial features. We compared the full model and the sub-model separately by applying F-test on an external test set (20% of the data). In addition, in order to find the significant taxa of the model, we compared the models’ coefficients to the coefficients of a shuffled taxa model without shuffling the psychiatric variables and the outcomes, i.e., the significance of each feature was assessed by comparing the model coefficients from the original model with those obtained from a modified model, where specific features (in our case, the microbial features) had been randomly shuffled. The features with the highest absolute value of coefficients are defined as significant. Finally, we defined the taxa as significant with the highest percentile in absolute values of coefficients. Correction for multiple testing (Benjamini–Hochberg procedure, Q) was applied with significance defined at Q < 0.01.


11. Supplementary Fig. 1
 [image: ]
Note: a, Confusion matrix for children exposure prediction. b, Confusion matrix for maternal exposure prediction. c, Confusion matrix for children and mothers’ exposure prediction. d, Confusion matrix for children and mothers’ exposure prediction. 0=Control (non-exposed) 1=trauma exposed. e, Taxa tree represents the input microbiome of the adolescents’ exposure XGBOOST model. Big circles next to taxa represent taxa with significant feature importance according to the XGBOOST model. Empty circles indicate a decrease and filled circles indicate an increase in the bacterial abundance among exposed youth compared with controls. f, A heatmap of the differentially abundant KO (KEGG orthologs) pathways, predicted by PICRUSt2 and identified using DESeq2. The color bar represents z-scores per row. g, A swarm plot depicting the Aitchison distance from the average example of each group. Four groups were tested: mothers without PTSD (depicted in the highest yellow), mothers with PTSD (depicted in the highest pink), adolescents without PTSD (depicted in the lowest yellow), and adolescents with PTSD (depicted in the lowest pink). The comparison of PTSD and non-PTSD conditions within each group does not show a significant difference in distances, both in mothers and adolescents. h, Direct and indirect paths from children’s PTSD in early childhood to emotional problems in late adolescence via the adolescents’ microbiome with child age and gender controlled, no missing data computation (n=30).



12. Supplementary Fig. 2: CCA among study variables
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Note: CCA between study's variables. The weights represent the contribution of each of the components of the CCA (a) to the reduction of the outcomes’ dimension (b).


13. Supplementary Table 1: Comparisons between reported AUCs and random AUCs

	Task
	P-value

	Exposure mother
	1.6026424400826878e-50

	Exposure adolescent
	 4.549614077710748e-55

	Exposure all
	4.7782361280247045e-49

	PTSD mother
	2.1733875843120803e-56

	PTSD adolescent
	5.782965424298442e-50

	PTSD all
	 3.973055374405336e-31


Note: One-sample t-test between the test Area Under the Curve (AUC) values obtained from 50 runs and the AUC of 0.5, representing a random model.



14. Supplementary Table 2: Group differences in sociodemographic and study’s variables between fecal donors (trauma exposed adolescents with and without PTSD):
	 
	Exp-PTSD (n=8)
	Exp-ND (n=8)
	t / χ 2

	Age 
	15.63 (SD = 1.07)
	16.11 (SD = 1.42)
	t(14) = .77 p = .456

	Gender (male)
	7 (87.5%)
	4 (50.0%)
	X2(1) = 2.62 p = .106

	Maternal sensitivity
	3.46 (.34)
	3.78 (.71)
	t(14) = 1.14 p = .280

	Delivery type
	4 (57.1%)
	4 (57.1%)
	X2(1) = 0 p = 1.00

	Breastfeeding more than a month
	5 (71.4%)
	6 (85.7%)
	X2(1) = 4.24 p = .515

	BMI
	23.69 (SD = 7.04)
	25.44 (SD = 3.07)
	t(12) = .603 p = .558

	Pet
	3 (42.9%)
	3 (42.9%)
	X2(1) = 0 p = 1.00

	Number of siblings
	4.28 (SD = 1.25)
	4 (SD = .57)
	t(12) = -.55 p = .598

	 Antibiotics at the 6 first months of life
	0 (0%)
	1 (7.7%)
	X2(1) = .929 p = .335


Note: Exp-PTSD = exposed with PTSD; Exp-ND = exposed with no PTSD.


1. Supplementary Table 3: List of terms
	

	

	Microbiome diversity
	Diversity of microbiota can be described by looking at species overlap between individuals/groups or by looking at the patterns of relative abundance of the various species within the individual/group microbiome profiles. Both of these measures are called beta diversity. When many bacteria are present in a community, some will be phylogenetically related and thus when considering how similar or distinct two microbiota are, it is not really appropriate to consider each taxon as independent from every other taxon. Thus, distance metrics (UniFrac) that take into account the phylogenetic similarity of taxa can be used to better understand the differences between two (sets) of microbiota. Another, slightly less informative method, of calculating and comparing diversity is considering the richness of a sample - the total number of unique species - termed alpha diversity. Again, because taxa in a population of bacteria are not phylogenetically independent, a corrected term for alpha-diversity can be used instead of counting the observed number of taxa, and this method is called Faith’s Phylogenetic Diversity metric (Faith’s PD).

	Alpha diversity 
	Alpha diversity refers to the diversity of microorganisms within a single sample or environment, considering both the number and abundance of different species present. It gives insights into species richness and evenness within that sample.

	
Beta diversity
	Beta diversity compares the microbial diversity between different samples or environments, highlighting the differences in species composition from one sample to another. It provides an understanding of the differences between microbial communities in different environments or samples.

	QIIME2
	a standardized pipeline for microbiota analysis used in whole or in part by microbiome researchers across disciplines. It is used from early preprocessing and data cleaning stages all the way through to advanced analysis stages (Bolyen et al., 2019).

	Dysbiosis
	A term used generally to describe a microbiota population that is unhealthy, abnormal, or different from a control group. Researchers are often interested in the specific bacterial differences underlying differences in alpha and beta diversity, and in these cases, differential abundance analyses are used. The taxa listed are taxa identified as differentially abundant (significantly different relative abundances between groups). Relevant taxa - those with information related to psychiatric disorders - have been discussed in the discussion. Beyond identifying differentially abundant bacteria, researchers often strive to understand functional differences in microbiota profiles. Here an in silico method was used to predict which metabolites (bacterial byproducts or substrates) would be differentially expressed based on what is known about the various bacteria in our samples, namely their genetic data. 

	KEGG
	The Kyoto Encyclopedia of Genes and Genomes (KEGG) is used to predict which metabolites and pathways would be enriched given the genomes of the bacterial taxa identified in our study. Here a main difference was predicted for the nitrite reductase pathway. The specific chemistry of the pathway is less relevant, but we have added a bit more on its impacts in human health to the discussion.

	MIPMLP
	A pipeline for 16S feature values pre-processing before machine learning can be used for classification tasks. The preprocessing contains the following steps: (1) merging of similar features based on the taxonomy (in our case by averaging over all the taxa of the same genus), (2) scaling the distribution (in our case by log normalization), (3) standardization to z scores (was not used in our case), (3) dimension reduction by PCA. By implementing these pre-processing steps, MIPMLP enhances the prediction capability of the samples.

	Classification
	When a problem involves assigning data points to a set of discrete categories (for example, ‘PTSD’ or ‘not PTSD’), the problem is called a ‘classification problem’. Classifier: Any algorithm that performs such classification can be said to be a classifier. Model is the mathematical relation between any input (in our case microbiome ASVs) and the appropriate output (in our case the class of the sample such as PTSD, exposure, CBCL, etc.). In machine learning (ML), the model usually contains a set of parameters called weights, and the ML trains the model by finding the weights that for which the model is in best agreement with the relation between the input and output in the “Training set”.

	XGBOOST gb linear model
	XGBOOST gb linear model is a powerful non-linear ensemble-based model that has the added benefits of providing feature importance estimates and often requires minimal hyperparameter tuning.
Training set: The part of the data used to train the model. The quality of the fit between the input and output data on the training set is not a good measure of the quality of the model, since it may be an “overfit”.
Overfitting: A problem occurring when a model produces good results on data in the training set (usually due to too many parameters), but produces poor results on unseen data.
Test set: Data used to test the model that is not used for either hyperparameter optimization or the training. The quality estimated on the test set is the most accurate estimate of the accuracy.

	Receiver Operating Characteristic Curve (ROC)
	A graph showing the performance of a classification model at all classification thresholds. This curve plots two parameters: True Positive Rate (TPR = is the probability that an actual positive will test positive). False Positive Rate (FPR = the probability that an actual negative will test positive).

	Area under the curve (AUC)
	A single scalar value that measures the overall performance of a binary classifier. The AUC value is within the range [0.5–1.0], where the minimum value represents the performance of a random classifier and the maximum value would correspond to a perfect classifier (e.g., with a classification error rate equivalent to zero). It measures the area under the curve we define above.

	CLR (centered log-ratio transformation)-transformation
	A statistical technique used in microbiome analysis to transform compositional data, such as relative abundances of microbial taxa, into a format suitable for analysis, removing the dependency on a reference taxon and centering the data around a geometric mean. It helps mitigate issues associated with compositional data and enables meaningful comparisons and statistical analysis in microbiome studies.

	Aitchison distance
	A mathematical measure used in compositional data analysis to quantify the dissimilarity between two compositional samples (such as two microbial samples). It is defined as the “Euclidean distance” between two CLR-transformed ASVs.

	Euclidean distance
	A commonly used distance metric in mathematics and data analysis that measures the straight-line distance between two points in Euclidean space. It calculates the geometric distance between the points and is often used for finding the distance between data points in multidimensional spaces, such as when performing clustering or nearest neighbor analysis.

	One-hot encoding
	An encoding scheme that represents a fixed set of n categorical inputs using n unique n-dimensional vectors, each with one element set to 1 and the rest set to 0. For example, the set of three letters (A, B, C) could be represented by the three vectors [1,0,0], [0,1,0] and [0,0,1], respectively.

	Shuffled taxa model
	In order to determine significant features for predicting an outcome (in our case, the model’s features were microbiome and one hot encoded behavioral features, as explained in the Supp. Mat.), the significance of each feature was assessed by comparing the model coefficients from the original model with those obtained from a modified model, where specific features (in our case, the microbial features) had been randomly shuffled. The features with the highest absolute value of coefficients are defined as significant.
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