Supplemental Material
1. Definition of Child Maltreatment Types from the Youth Protection Act
	Table S1

	Definition of Child Maltreatment Types Under Youth Protection Act Article 38

	Abandonment
	A situation in which a child’s parents are deceased or fail to provide for the child’s care, maintenance or education and those responsibilities are not assumed by another person in accordance with the child’s needs

	Neglect
	(1)  A situation in which the child’s parents or the person having custody of the child do not meet the child’s basic needs,
i.  failing to meet the child’s basic physical needs with respect to food, clothing, hygiene or lodging, taking into account their resources;
ii.  failing to give the child the care required for the child’s physical or mental health, or not allowing the child to receive such care; or
iii.  failing to provide the child with the appropriate supervision or support, or failing to take the necessary steps to ensure that the child receives a proper education and, if applicable, that he attends school as required under the Education Act or any other applicable legislation; or
(2)  a situation in which there is a serious risk that a child’s parents or the person having custody of the child are not providing for the child’s basic needs in the manner referred to in (1)

	Psychological Maltreatment
	A situation in which a child is seriously or repeatedly subjected to behaviour on the part of the child’s parents or another person that could cause harm to the child, and the child’s parents fail to take the necessary steps to put an end to the situation. Such behaviour includes in particular indifference, denigration, emotional rejection, excessive control, isolation, threats, exploitation, particularly if the child is forced to do work disproportionate to the child’s capacity, and exposure to family violence.

	Exposure To Intimate Partner Violence
	A situation in which a child is directly or indirectly exposed to violence between the child’s parents or between one of his parents and a person with whom the parent has an intimate relationship, including in a post-separation context, among other things if the child witnesses such violence or develops in an atmosphere of fear or tension, and where such exposure could cause harm to the child.

	Sexual Abuse
	(1)  A situation in which the child is subjected to gestures of a sexual nature by the child’s parents or another person, with or without physical contact, including any form of sexual exploitation, and the child’s parents fail to take the necessary steps to put an end to the situation; or
(2)  a situation in which the child runs a serious risk of being subjected to gestures of a sexual nature by the child’s parents or another person, with or without physical contact, including a serious risk of sexual exploitation, and the child’s parents fail to take the necessary steps to put an end to the situation.

	Physical Abuse
	(1)  A situation in which the child is the victim of bodily injury or is subjected to unreasonable methods of upbringing by his parents or another person, and the child’s parents fail to take the necessary steps to put an end to the situation; or
(2)  A situation in which the child runs a serious risk of becoming the victim of bodily injury or being subjected to unreasonable methods of upbringing by his parents or another person, and the child’s parents fail to take the necessary steps to put an end to the situation.


Definitions Obtained From Youth Protection Act Chapter Iv; Social Intervention; Division I; Security And Development Of A Child. Article 38. See More:
HTTPS://WWW.LEGISQUEBEC.GOUV.QC.CA/EN/DOCUMENT/CS/P-34.1

2. Further information on Multilevel Latent Class Analysis
Description of Key Words:
1. Latent Classes: These are unobserved (latent) subgroups or clusters that are identified based on patterns of responses. 
2. Multilevel (Hierarchical) Data: Multilevel data refers to situations where data points are grouped into higher-level units. In the current study, children are grouped into their unique family units.
3. Multilevel Latent Class Analysis: This technique extends regular Latent Class Analysis (LCA) by incorporating the multilevel nature of the data. Instead of assuming that the latent classes are the same across all groups (or level-1 units), MLCA allows the probabilities of being in each latent class to vary by group (level-2 units). This accounts for the hierarchical structure and better models the relationships between individuals within each group and across groups. In the current study, analyses are conducted at the child level (irrespective of family membership) (Level 1) and at the family level (Level 2). See details in the keywords below. 
4. Level 1 LCA (within level): The LCA at Level 1 focuses on the individual-level data and is run as a traditional LCA. In the current study, the data include the substantiated CM experiences of the children. Four latent classes were determined at level 1: Risk of CM, High Polyvictimization, Exposure to IPV and Psychological Maltreatment, and Sexual Abuse, Physical Abuse, and Neglect classes. 
5. Level 2 LCA (between levels): At Level 2, the hierarchical structure of the data is accounted for. The Level 2 model examines how the latent class membership of individuals varies across the groups. In the current study, the same class labels were determined for the level 2 LCA as the level 1 LCA. 
Rationale of MCLA 
To address research questions, the authors of the current study conducted a Multilevel Latent Class Analysis (MLCA). Traditional latent class analyses assume that observations are independent of one another. However, for the data used for the current study, this assumption was not fulfilled as the dataset included children from the same families. As such, these data required multilevel techniques in order to account for the nested structures embedded in the data (Asparouhov and Muthén, 2008; Henry & Muthén, 2010; Vermunt 2003, 2008). 
The MLCA (Vermunt, 2003, 2004) is an extension of the traditional latent class modelling that incorporates possible dependency on data because of the multilevel structure where individuals are nested within a group. The current study models the methodology proposed by Henry & Muthén (2010) who expanded on prior frameworks for assessing latent class models with nested data (Asparouhov and Muthén, 2008; Vermunt 2003, 2008) to include parametric and nonparametric approaches. Given the categorical nature of this study’s indicator variables, the nonparametric approach was followed. 
MLCA identifies the lower-level units (e.g., children) that are nested within the higher-level units (e.g., families) as Level 1 units. The higher-level units are labeled Level 2 units.  MLCA accounts for the nested structure of the data by allowing latent class intercepts to vary across Level 2 units and therefore examining if and how Level 2 units influence the Level 1 latent classes (Asparouhov and Muthén, 2008; Henry & Muthén, 2010; Vermunt 2003, 2008). These random intercepts allow the probability of membership in a particular Level 1 latent class to vary across Level 2 units (e.g., families). For example, in the current study, it is likely that children in the same family had increased odds of being in the same class compared to children from different families (Vermunt, 2003, 2008). Additionally, this model considers how Level 2 units vary for each Level 1 latent class indicator variable. In this context, it is possible to examine how family memberships (Level 2 units) influence the CM types of the child (Level 1 indicator variables). 
Specifically, the statistical procedure of the non-parametric approach starts with a traditional latent class analysis. A second latent class model is then specified at Level 2. The random means from the Level 1 latent class solution are used as indicators of a second latent class model at Level 2. The different Level 2 latent classes have different distributions of the random means (the log-odds of membership in a particular Level 1 latent class). According to Henry & Muthén (2010):
The resultant Level 2 latent classes describe differences in the probability of membership in each Level 1 latent class. The result is a finite number of Level 2 latent classes that capture the Level 2 variability in the distribution of Level 1 latent class membership probabilities. As such, Level 2 units that are similar with regard to the distribution of individual-level typologies are grouped together and defined as separate from Level 2 units with a different distribution of individual-level typologies (p.199). 
Overall, with these analyses, the current study was able to determine the differences in probabilities for class membership of children within families and between families, as well as how parental CM characteristics were associated with these differences (Vermunt, 2003. 3008).
For further information, please see Henry & Muthén, 2010.
3. Detailed Statistical Plan:
Since Latent Class Analysis is an exploratory method without a definitive solution, determining the appropriate number of latent classes is a crucial step. To address this, various fit indices were evaluated, including information criteria and likelihood ratio tests (LRT). For the information criteria, we used the Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and Sample Size-Adjusted BIC (ABIC). Lower values for these criteria indicate a better model fit (Nylund-Gibson & Choi, 2018). Regarding the LRT tests, we employed the Lo-Mendell-Rubin likelihood ratio test (LMR), Adjusted LMR, and Bootstrap Likelihood Ratio Test (BLRT). The LMR and adjusted LMR tests assess the improvement in model fit between a k-class model and a k-1 class model. A significant p-value in these tests suggests that the k-class model provides a better fit than the k-1 class model (Nylund-Gibson & Choi, 2018; Spurk et al., 2020). The BLRT is another test used to compare models with different numbers of classes, also comparing the fit of models with different numbers of classes, but uses a bootstrapping approach to estimate the p-value. A significant p-value was set at p<0.05. Entropy (statistic closest to 1) was considered in the decision-making. 
To ensure informative interpretations, indicators were explored if they were most divergent among classes, had high probabilities in each class (greater than 0.5), or greatly differed from the proportion in the total population (to account for variables with smaller frequencies) (Sinha et al., 2021). Class solutions were also interpreted for clinical utility.
	Table S2

	Maternal Model: Fit Indices for Level One and Two Latent Class Models 

	Model
	AIC
	BIC
	Adjusted BIC
	LMR p-value
	Adjusted LMR p-value
	BLRT p-value
	Entropy

	Level 1 
	
	
	
	
	
	
	

	1 Class
	28406.667
	28450.841
	28428.599
	-
	-
	-
	-

	2 Class
	27277.135
	27371.794
	27324.131
	p<0.001
	p<0.001
	p<0.001
	1

	3 Class
	26884.450
	27029.595
	26956.511
	p<0.001
	p<0.001
	p<0.001
	0.658

	4 Class
	26750.633
	26946.264
	26847.759
	p<0.001
	p<0.001
	p<0.001
	0.875

	5 Class
	26589.660
	26835.776
	26711.851
	p<0.001
	p<0.001
	p<0.001
	0.714

	6 Class
	26579.175
	26875.776
	26726.430
	p<0.001
	p<0.001
	p<0.001
	0.737

	Level 2
	
	
	
	
	
	
	

	2 Class
	26497.223
	26630.444
	26563.233
	-
	-
	-
	0.594

	3 Class
	25735.456
	25937.287
	25836.874
	-
	-
	-
	0.773

	4 Class
	25346.801
	25617.101
	25481.305
	-
	-
	-
	0.809


Note. Akaike Information Criterion (AIC); Bayesian Information Criterion (BIC); Lo-Mendell-Rubin test 
(LMR), Bootstrap Likelihood-Ratio Test (BLRT)

	Table S3

	Paternal Model: Fit Indices for Level One and Two Latent Class Models

	Level 1 
	
	
	
	
	
	
	

	1 Class
	11286.712
	11324.507
	11302.270
	-
	-
	-
	-

	2 Class
	10825.213
	10906.204
	10858.552
	p<0.001
	p<0.001
	p<0.001
	1

	3 Class
	10676.478
	10800.664
	10727.597
	p<0.001
	p<0.001
	p<0.001
	0.785

	4 Class
	10598.253
	10765.635
	10667.153
	p<0.001
	p<0.001
	p<0.001
	0.805

	5 Class
	10543.595
	10754.172
	10630.275
	0.35
	0.65
	0.18
	0.723

	6 Class
	10523.870
	10777.642
	10628.338
	0.14
	0.98
	0.19
	0.765

	Level 2
	
	
	
	
	
	
	

	2 Class
	10564.093
	10677.001
	10611.934
	-
	-
	-
	0.594

	3 Class
	10246.928
	10419.910
	10317.878
	-
	-
	-
	0.773

	4 Class
	10018.243
	10250.554
	10114.002
	-
	-
	-
	0.809


Note. Akaike Information Criterion (AIC); Bayesian Information Criterion (BIC); Lo-Mendell-Rubin test 
(LMR), Bootstrap Likelihood-Ratio Test (BLRT)

4. Preliminary Analyses
The local independence of indicator variables and covariates were assessed using chi-square tests of independence. Sinha et al. (2021) suggested eliminating variables when correlated at an effect size (Crammers V) of > 0.5. No multicollinearity issues were determined for the indicator variables and covariates. In both models, Maximum Likelihood Robust was the method of estimation. All models were fitted with 100 different sets of random starting values for 50 iterations.  The best log-likelihood values were replicated.
5. Syntax for the MLCA
  Variable:
  NAMES ARE USERID PID FPID SEX ETHNI
  FAMPERP AGE NEG PHYAB SEXAB EXIPV
  PSYAB RISK ABAN TOTAL MPID MAGE
  MNEG MPHYAB MSEXAB MEXIPV MPSYAB
  MRISK MABAN MTOTAL MPLACE;

  USEVARIABLES = MPID NEG PHYAB SEXAB EXIPV PSYAB RISK ABAN
                 SEX AGE MAGE MNEG MPHYAB MSEXAB  MPSYAB MRISK MABAN;

  CATEGORICAL = NEG PHYAB SEXAB EXIPV PSYAB RISK ABAN;
  CLASSES = CB(4) CW(4);
  CLUSTER = MPID;
  BETWEEN = CB;
  WITHIN = NEG PHYAB SEXAB EXIPV PSYAB RISK ABAN;
  WITHIN = SEX AGE MAGE MNEG MPHYAB MSEXAB MPSYAB;
  ANALYSIS: TYPE = MIXTURE TWOLEVEL;
  STARTS = 100;
  PROCESS=8(STARTS);
!STITERATIONS = 50;
  MODEL:
  %WITHIN%
  %OVERALL%
  CW ON SEX AGE MAGE MNEG MPHYAB MSEXAB MPSYAB MRISK MABAN;
  %BETWEEN%
  %OVERALL%
  CW ON CB;
  MODEL CW:
  %WITHIN%
  %CW#1%
  [NEG$1 PHYAB$1 SEXAB$1 EXIPV$1 PSYAB$1 RISK$1 ABAN$1];
  %cw#2%
  [NEG$1 PHYAB$1 SEXAB$1 EXIPV$1 PSYAB$1 RISK$1 ABAN$1];
  %cw#3%
  [NEG$1 PHYAB$1 SEXAB$1 EXIPV$1 PSYAB$1 RISK$1 ABAN$1];
  %cw#4%
  [NEG$1 PHYAB$1 SEXAB$1 EXIPV$1 PSYAB$1 RISK$1 ABAN$1];
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