Individual-specific networks for prediction modelling – A scoping review of methods
Supplementary Material S1 – Detailed Methods

ADDITIONAL METHODS
Search Strategy
We conducted a scoping review to assess the use of graph-theoretical features from individual-specific networks in prediction modelling and various field of application in medicine and biology. Relevant studies were identified by searching PubMed, Scopus and Embase published in journals after January 1st, 2000 up until August 31, 2020, using a pairwise combination of two main sets of keywords: (1) words indicative of graph theory (e.g. network, graph-theory) and (2) words indicative of prediction modelling as well as a set of exclusion keywords to increase the proportion of relevant articles. The keyword fields, which were investigated were the title and the abstract. The two main sets of keywords were used for all databases. Excluding keywords in the query syntax were varied in between the databases depending on the abundance of articles found.
The two main keyword sets and the respective terms used for the search strategy are listed in Supplementary Table 1.

Table S1. Keyword sets used in the search strategy across the databases for article extraction
	Keyword Set
	Terms
	Position

	Network
	Network parameters
OR network variables 
OR network attributes
OR network traits
OR network features
OR network characteristics
OR graph-theory
OR graph-theoretic
	Title/Abstract

	Prediction Modelling
	Prognosis
OR predictive
OR prediction
OR predict
OR predicting
OR predictor
OR forecast
OR forecasting
	Title/Abstract

	Exclusion Keywords
	NOT neural network
NOT neural networks
NOT artificial networks
NOT learning network
NOT learning networks
NOT adversarial network
NOT adversarial networks
NOT link prediction
NOT signal network
NOT sensor network
	Title/Abstract



As an example, the search for the PubMed database can be replicated by the following link:
https://pubmed.ncbi.nlm.nih.gov/?term=%28%22graphtheory%22%5BTitle%2FAbstract%5D+OR+%22graphtheoretic%22%5BTitle%2FAbstract%5D+OR+%22network+parameters%22%5BTitle%2FAbstract%5D+OR+%22network+variables%22%5BTitle%2FAbstract%5D+OR+%22network+attributes%22%5BTitle%2FAbstract%5D+OR+%22network+traits%22%5BTitle%2FAbstract%5D+OR+%22network+features%22%5BTitle%2FAbstract%5D+OR+%22network+characteristics%22%5BTitle%2FAbstract%5D%29+AND+%28%22predictive%22%5BTitle%2FAbstract%5D+OR+%22predictive%22%5BTitle%2FAbstract%5D+OR+%22prediction%22%5BTitle%2FAbstract%5D+OR+%22prognosis%22%5BTitle%2FAbstract%5D+OR+%22predict%22%5BTitle%2FAbstract%5D+OR+%22prediction%22%5BTitle%2FAbstract%5D+OR+forecast%5BTitle%2FAbstract%5D+OR+%22forecasting%22%5BTitle%2FAbstract%5D%29+NOT+%28%22neural+network%22%5BTitle%2FAbstract%5D+OR+%22neural+networks%22%5BTitle%2FAbstract%5D+OR+%22artificial+networks%22%5BTitle%2FAbstract%5D+OR+%22learning+network%22%5BTitle%2FAbstract%5D+OR+%22learning+networks%22%5BTitle%2FAbstract%5D+OR+%22adversarial+network%22%5BTitle%2FAbstract%5D+OR+%22adversarial+networks%22%5BTitle%2FAbstract%5D+OR+%22link+prediction%22%5BTitle%2FAbstract%5D+OR+%22signal+network%22%5BTitle%2FAbstract%5D+OR+%22sensor+network%22%5BTitle%2FAbstract%5D%29&filter=dates.2000%2F1%2F1-2020%2F8%2F31

Inclusion and Exclusion Criteria
Article Inclusion:
(1) The description of a method to include individual-specific networks or their graph-theoretical attributes as independent predictors in prediction modelling.
(2) The application of a method which includes individual-specific networks or their graph-theoretical attributes as independent predictors in prediction modelling.
(3) An overview of several methods to include individual-specific networks or their graph-theoretical attributes as independent predictors in prediction modelling (e.g. review article, commentary).
(4) The comparison of several methods (e.g. via simulation studies) to include individual-specific networks or their graph-theoretical attributes as independent predictors in prediction modelling


Article Exclusion:
(1) The article is a duplicate (arising from e.g. using two different search engines)
(2) The article focuses on group-level (multi-individual) networks derived from aggregated data and not on single-individual networks.
(3) The evaluation of the network characteristics is performed for descriptive purposes of the network itself only but without an outcome of interest.
(4) The article focuses on using the networks or their attributes to predict further links, node interactions or dynamic change in the networks (i.e. a graph-theoretical feature constitutes the dependent variable and not the independent predictor).
(5) The term network is used in another context (e.g. to describe a complex pattern, interlinked components) but neither the network nor its graph-theoretical attributes are used in a statistical model.

Selection of Articles
Articles not written in English were excluded. Identified articles by the search strategy stated above were first assessed for eligibility based on the titles. To ensure objectivity of the first reviewer with regard to the inclusion and exclusion of articles, a random subset of articles in each screening phase (250 articles for title screening, 50 for abstract screening, 25 for full-text assessment) was extracted at random and assessed by three additional independent reviewers (GH, FM, MS). Any inconsistencies were discussed and resolved to reach a general consensus. Studies for which we were not able to discern the presumed relevance for the review from the title or abstract were included for further evaluation. After screening of the abstracts, all identified articles were read in full-text and manuscripts which did not focus on prediction modelling with graph-theoretical features derived from individual-specific networks were excluded from the data extraction process. Furthermore, articles were selected based on the inclusion criteria or excluded based on the exclusion criteria prespecified in the protocol of the scoping review. References of the selected articles were checked for articles fulfilling the inclusion criteria of the scoping review. Articles from the references list of selected articles that present a review were only included if the article differentiates itself methodologically from the other studies. In addition, we included articles identified through a manual search of the literature. Title and abstract screening were performed using the package ‘revtools’ in the programming language R (Version 4.0.2).

Data Extraction
[bookmark: _GoBack]The scoping review adhered to an a priori protocol and followed the reporting guidelines outlined in the PRISMA extension for scoping reviews (PRISMA-ScR) developed for systematic evidence synthesis from a body of literature heterogeneous in methodology and its fields of application [1]. The PRISMA-ScR checklist corresponding to the review is presented in the Supplementary Material. Further, we considered aspects of Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) Initiative [2]. However, risk of bias assessment does not constitute a component of a scoping review. Key features of data extraction from the full-text assessment focused on 1) general information on the study (e.g. study objective, study cohort, research discipline, availability of code and data), 2) network analysis such as network construction (e.g. size, setup, network sparsification) and the computed set of graph-theoretical attributes from the individual-specific networks (e.g. local or global, normalization) and 3) the multivariable outcome model including model building  (e.g. the aim of the model, study endpoint, sample size, method, candidate predictors, variable selection) and model validation (e.g. internal, external or apparent, discrimination and calibration) and 4) the conduct of the simulation study where appropriate. Data extraction of full-text was conducted in the online survey software Google Forms in which a questionnaire was created with access only for the involved reviewers upon invite from the creator.
However, the search strategy described also has its limitations. The term "network" in particular is a broad and widely used term in a wide variety of contexts. Some exclusion terms were defined to limit the resulting studies, but also means that relevant studies could have been affected by this as well. Furthermore, through cooperation with other independent reviewers (GH, FM, MS), an attempt was made to guarantee the objectivity of the main authors, but the selection and exclusion of papers is still to a certain extent subjective.

ADDITIONAL RESULTS
General Findings
Figure S1 presents the distribution of identified articles with respect to year of publication. Apart from the exceptional year 2018 in the left panel of Figure S1, we suspect an ongoing increase in interest in individual-specific networks for the aim of personalized prediction. 
[image: ]
Figure S1. Year of publication of the identified studies

Domain-specific findings of the scoping review
Graph-theoretical analysis of (multiple) neuroimaging data modalities has rapidly found application in clinical neuroscience to identify brain network-based biomarkers to predict and diagnose neurological health outcomes such as mental illnesses [3], neurological diseases [4-6], brain injuries [7, 8] or cognitive functioning [9]. Disturbed brain organization and topology have been shown to be indicative of neurological issues and hence make graph-theoretical features well-founded candidates for potential diagnostic biomarkers. For instance, patients with mild cognitive impairment (MCI) had grey matter network measures that were indicative of a more random network topology at the time of first visit, showed a steeper rate of decline in cognitive functioning [4, 10]. A majority of the neurological studies stated small sample size as a limitation of the study which makes statistical power a concern and affects model generalization to unseen data [11-20] but also in other areas small sample size seemed to be an issue [21]. Network analysis in neurological studies has already shown that the brain structure of healthy individuals has certain properties such as balanced integration and segregation, while patients with neurological disorders such as epilepsy approach a random network structure [11].
Table S2. Scale of the graph-theoretical features used as candidate predictors stratified by the area of application
	
	Graph-theoretical scale

	Area of application
	Global
	Local
	Both

	Genomics
	0
	3
	0

	Neurology
	12
	34
	29

	Pathopsychology
	2
	1
	3

	Pathology
	0
	0
	1



Psychological studies were mostly mainly interested in determining the progression and outcome of early-stage psychotic symptoms given self-administered questionnaires for the purpose of routine screening and quantifying symptom severity [22]. To investigate the inherent daily dynamics of self-reported symptoms, vector autoregressive models (VARs) were conducted and associations between symptoms represented the strength of connection within the individualized networks. A highly relevant feature for pathopsychology was centrality to identify highly influential nodes representing centrally connected symptoms or root causes which can then be targeted by therapeutic strategies – so called early warning signals [23]. [21] conducted a proof-of-concept study to exhibit the benefit of adding graph-theoretical features in addition to patient information for the prediction of dropout in psychological treatments and found varying network structures for patient completing and those who drop out of treatment.
For cancer research, the individual-specific gene networks were employed by [24] to capture the heterogeneity of gene-gene interaction networks of breast cancer samples across individuals since according to them, network-based methods have shown more robust and efficient behaviour than single-gene methods for noisy high-throughput data. To identify local gene pair biomarkers for personalized breast cancer prognosis, a Cox proportional hazards regression model was used with prior univariate variable selection and the least absolute shrinkage and selection operator (LASSO) reducing the number of candidate features from 46,916 to 272 final gene pairs. The individualized perturbation networks were further assessed to determine tipping points of complex disease (cancer) prior to disease deterioration by assessing a composite network score based on the edge weights at every available time point [25, 26] or for exploratory analysis of predictive gene pairs in cancer [27]. Huang et al. [28] generated perturbed individual-specific gene networks and was able to reach a classification accuracy of 100% using hierarchical clustering based on in-between network distance. In particular, in the network distance matrix where  denotes the number of individuals, each cell value corresponds to the distance between two sample-specific networks defined as the ratio of the number of overlapping edges and  the total number of edges.
Studies outside of neurology, pathopyschology and cancer research aimed for instance at the diagnosis of muscle disease with a large set of graph-theoretical features (N=44; total number of features N=82) obtained from the individual-specific muscle fibre networks using neural networks [29] or were focused on individual-specific networks of the heart rate variability to delineate between patients with obstructive sleep apnoea and controls [30].
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