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Abstract 
The quality of interactions between parents and children is a 
critical factor in child development. Recent years have seen 
programs to improve parenting behaviors through evidence-
based approaches, such as attachment-based interventions. A 
vital element of these programs is to assess the quality of par-
enting behaviors via video recordings of parent-child inter-
actions, which is often time-intensive. In our previous work, 
we explored machine learning models to predict expert rat-
ings of parenting behaviors from video recordings of semi-
structured parent-child play. However, the large set of low-
level multimodal features struggled to provide explainable 
insights, which created barriers to communicating with do-
main experts and improving the models further. In this work, 
we developed a machine learning pipeline that combines 
sparse multiple canonical correlation analysis with causal 
discovery techniques to uncover explainable causal relation-
ships between nine categories of behavioral features and the 
quality ratings of parent-child interactions. This approach of-
fers valuable insights into the otherwise black-box models 
and contributes to the growing body of work on transparent 
and trustworthy machine learning models of parenting be-
haviors. 

Introduction    

High-quality parent-child interactions are vital for a child’s 
development, and evidence-based programs, such as attach-
ment-focused interventions, have been developed to im-
prove parenting practices (Berlin 2018). A central aspect of 
these programs involves assessing parenting behaviors 
through video recordings of parent-child interactions; how-
ever, this process is time-consuming. Previous research 
trained machine learning models using audio and video fea-
tures to predict expert ratings of three key parenting behav-
iors: sensitivity, intrusiveness, and positive regard (Jebeli et. 
al, 2024). However, these moderately accurate black-box 
models rely on numerous low-level features that offer lim-
ited transparency, making it challenging to communicate 
with domain experts for further model improvement. In this 
study, we expand our feature set to 157 multimodal features, 
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including two new modalities (paralinguistic and language) 
and additional audio features, informed by social science lit-
erature. We introduce a machine learning pipeline that com-
bines sparse multiple canonical correlation analysis with 
causal discovery to uncover explainable causal relationships 
between nine categories of multimodal behavioral features 
and interaction quality ratings. 

Dataset and Multimodal Feature Sets 

Our work used a dataset of pre-intervention at-home record-
ings of semi-structured play of 220 pairs of mothers and 
children (6-18 months), collected from a randomized con-
trol study to compare 2 attachment-based intervention pro-
grams (Berlin 2018). Each video was rated by experts on a 
scale of 1 to 5 on the quality of parenting behaviors con-
cerning sensitivity, intrusiveness, and positive regard. We 
extracted 157 features across 4 modalities: video (6 fea-
tures), audio (13 features), paralinguistic (12 features), and 
language (126 features). The 4 modalities are broken into 9 
categories of behavior features to enhance explainability, as 
described in Figure 1.  
 Visual features capture the physical distance between 
mother and child as well as the dynamic movements of both 
(Jebeli, 2024). Audio features characterize conversational 
features such as frequency and duration of turns, as more 
frequent, shorter speech is associated with better language 
outcomes (Leech and Rowe 2021). Paralinguistic features 
focus on fundamental frequency (F0) as prototypical infant-
directed speech prosody is associated with more infant at-
tention and better pre-linguistic skills (Spinelli et al., 2017). 
Language features are derived from the Linguistic Inquiry 
and Word Count (LIWC) lexicon (Pennebaker, Booth, & 
Francis, 2007). Additional extracted features include sen-
tence structures, such as wh-questions (Rowe et al., 2017), 
and contingent repetitions of the same structure or item 
(Goldstein et al., 2010), which have positive language asso-
ciations. Using these features, we trained Random Forest s
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models to predict three categories for the quality of parent-
ing behaviors, which achieved a 6.59%, 0%, and 21.11% 
reduction in root mean squared error compared to baseline 
mean predictor in predicting expert rating in sensitivity, in-
trusiveness, and positive regard, respectively.  
 

 
Figure 1: Description of the feature groups extracted in 
each modality. The number in brackets represents the num-
ber of low-level features in each group. 

CCA and Causal Discovery Pipeline 

To uncover explainable causal relationships, we explored a 
two-step modeling approach. First, we applied sparse mul-
tiple canonical correlation analysis (mCCA, Witten and 
Tibshirani, 2009) to the 157 low-level features, organized 
into 9 feature groups, to reduce dimensionality while max-
imizing linear correlations among the groups. This sparse 
correlational model generates a set of composite variables, 
where most coefficients in the linear combination of the un-
derlying low-level features shrink to zero, thus enhancing 
the interpretability of the composite variables. These com-
posite variables were then used to construct an Equivalence 
Class of Graphs (ECG), or the most probable causal graph 
pattern, using the TETRAD toolkit (Scheines et. al. 1998).  

 As illustrated in Figure 2, two main groups of features are 
causally linked: (1) audio, paralinguistic, and LIWC emo-
tion features; and (2) video and the remaining language fea-
tures. Within these clusters, only two features show direct 
causal links with any of the outcomes: while LIWC features 
are causally linked to intrusiveness and positive regard, 
Turn Frequency links to intrusiveness. Specifically, from 
the sparse mCCA models, we note that LIWC features are 
largely driven by word count, and turn frequency was dom-
inated by the count of mother utterances. 

 
Figure 2: Equivalence Class Graph with 9 feature groups 
and 3 outcomes discovered by the GFCI search algorithm 
in TETRAD. Outcomes can only be caused by features, 
and we forbid causal relations between the outcomes. 

Conclusions 

Our preliminary results suggest that specific features of par-
ent behavior during interactions with their child are causally 
linked to the quality rating of these interactions. For in-
stance, language features such as the number of words 
mothers use and the frequency of their speech may influence 
the quality of parent-child interactions, particularly in terms 
of intrusiveness and positive regard. To better understand 
the directionality of these effects, further research is re-
quired to refine the model—such as by fitting linear Gauss-
ian Structural Equation Models (SEMs) and evaluating their 
goodness-of-fit to assess plausibility. Compared to previous 
correlation-based modeling approaches, the demonstrated 
pipeline offers potential improvements in the interpretabil-
ity and transparency of machine learning models for parent-
ing behaviors. 
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