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Abstract

: : : L . : S : « Abinary (0/1) outcome of interest Y; (5 year mortality status). Data: . . . .
« Network analysis has rapidly gained popularity in neuroimaging, genomics and other scientific domains. However, a . We tre;/t((Y ;( ) as our new vector cl)f(in\{erest and co\aduct St)eps 1,2, 3 to jointly model the outcome and the A. Insights from joint modelling
little has been done to adapt network analysis to heterogeneous measurements collected by national health surveys i A1 re _ _ , . . i indivi i i ici ' i isti
it g covariates (binary and continuous measurements). + We combined data on 30 continuous measurements (lab) and 32 binary measurements (clinical) from 1999- rAestrrec;r;igocrlorr;ilc?éllon between individual latent correlation with the coefficient of a single variable logistic
« Instead of imposing assumptions on the distribution of Y| X, we assume that jointly (¥,X)~ LNPN(0,, f,C). 2010 cohorts of National Health and Nutrition Examination Survey (NHANES) for everyone aged 60+. A gtr i : tion between column norme of § dthem ement fic correlation with
. . . [ ]
» Thisis primarily due to a lack of understanding on how to jointly model multiple comorbidities, health deficits, and As a consequence, we can get the estimate of latent correlation matrix — ‘c:c Ong ( eatal‘_f,tso)c atio i e” ?e bc_o 8 (cl 0. S Of Zxx d te easurement specific correfatio
health biomarkers, often recorded via binary and continuous measurements. Our approach adapts a recently proposed ~ Svv  Svx *  We removed subjects with more than 20% missing information and out of the remaining, 8947 subjects outcome mortality), Specitically Tor bindry {clinical) measurements. _
semiparametric gaussian copula[1] that estimates a latent correlation structure of mixed type (binary and continuous) L= & $ satisfied our criteria of 5-year follow-up on mortality. * The higher the column norm of a specific measurement, the more we expect it to be related to other
random vectors through rank-based procedure. , - XYy “XX _ measurements and thus more relevant to the outcome.
- _ _ , , _ We compare how our approach differs from traditional modelling approaches in Table 1. « To tackle multicollinearity, we chose 15 continuous variables out of 30 in a forward selection way of explaining * Astrong _correlation betwe.en the degree of anode in the network and latent correlation with mortali’gy can
*  After estimating joint distribution of latent continuous variables, we build a network by applying sparse inverse il substantiate the hypothesis that the more connected is the node to other nodes, the more related will it
covariance estimation method (Graphical Lasso) to control for number of connections. We choose the optimum most variability. [2]
' ' : ' be to mortality. Farell et al [2] based their simulations on a similar hypothesis and analyzed simulated
penalizing parameter in a way to ensure the stability of the network. Flgure I: Heatmap of latent correlation _ . o _ twork y. Far frailty deficit VP v
o Below we visualize the latent dependence structure of the deficits through the heatmap of the estimated latent NetWOork scenarios in fraiity dericits. _ _ o _
« Extending further, we propose a novel solution to jointly model outcome and predictors, impute missing data, perform gﬂ,g’ correlation matrix (Fig. 1) and the network estimated through the graphical lasso approach (using STARS criteria for * This gives us understqndlng of how intra-dependency of covariates can influence association with
dimension reduction and do prediction both on the latent and observed space. The key advantage of this approach is the g éig’ *§ g stability. outcome and how to filter out redundancy.
combination of mixed data-type under a uniform modelling framework. ~ 3 5 ,E0% ) >
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* We demonstrate this method on 47 binary and continuous variables typically included in Frailty Index (F1). Using latent 8 L ~ c g =5\ g}mg o 9o %8 IgU re 2. EtWOI’ 0 e |C|tS o Current approach: First binarize the continuous measurements (|ab) to get clinical deficit indicators then
g g o ong 0 g o Ej —_ = o > -o-a"S_E T 00D [0} — . . . L. . L.
principal components and network connectivities, a fevy weighted versions of Fl are developed and compared in 23 s - £,30% Hq o o SUEZ2ET fofosf £ §§ define Frailty Index (FI) as the proportion of deficits accumulated among a set of measured binary deficits.
predicting 5-year mortality in National Health and Nutrition Examination Survey. = o ~ gjgj 5 g?m E~ ~5E8 § < Egig T3 g’gg 593 %% <8
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We define a random vector X = (Xp ---;Xp) ~NPN (0,2, f) if there exists a set of monotonic increasing functions g g%% ©35822 E5 oS §g§;% 53 ﬁgg-éﬁﬁég %% g 8559 %E%é’% %géééééééééééé o %i‘.f% 3 3 Advantages - Takes into account the dependence among measurements and leads us to the direction of
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S . . . Segmented neutrophils percent (% 5
NPN stands for Non-paranormal distribution defined by Liu et al[1]. I Akaline pfﬁ)osph%tase (J/Li .. . fg ) )/
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Suppose we have an observed vector of variables X = (X;, X.)t, where X}, represents p;dimensional binary random Glycof}emog%tn @ o () = 9, g L / / o
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variables and X, represents p, dimensional continuous random variables. We say, X ~ LNPN(0,Z, f, C) if there Sodium (ngn?ol/Li .. | £ <° Ny Change of cross-validated AUC vs number of PCs in the model
. . t Albumin (g/L) [ ] 35 )
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measurements and recover latent underlying structures. For i-th subject, we observe the vector X; = (Xp, Xic), Lactate Dehydrogenase e . yo© o 0.78
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functions xpectations y Medications O [ ] O 7,
(Xp.X)~ LNPN (0,L.1,C) (Zo.Z)~N(0,) Z..2.)~N(0.5) Confusion or inability to remember 90000 0O &’é, %
———— Difficulty managing money 0000000000000 045 RS o Fl
Difficulty standing up from armless chair o 00000000000 . ‘00\\% - \{Qo/ \/o/
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Observed atent fo Latent for » D_|ff|culty grasping or hc_>ld|ng §mgl| objects 2/0/0¢ ..Q 7 \\o D b= o <
* Explore X continuous Difficulty lifting/carrying something weighing 10 Ibs 2000000000000 -0.04 o .\00 < | N ) ! ! ! !
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ontinuous . . ifficulty using fork and knife 000000 =
Iaten’F Predict latent (Z.) Difficulty dressing yourself 0000000000000 _ &Q ] Number of PCs
correlation space Difficulty attending social events 0000000000000 < < =
(X)) Difficulty pushing or pulling large objects 0000000000000 [ > !
« Impute missing General hearing () -0.82 & =
dat Weak or failing kidneys [ ] )
HES Leaked/lost control of urine [ ] ‘_3_-_
Self-reported health o © Referen ces
Health compared to a year ago (] )
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(Y = outcome, X = predictor, L =predicted latent variable) From the network, we group the frailty variables into three classes - 1l'Fa(rj]'(jIE:tnc!'mg' Ha? Lll;in?ng |\I/I;tg tar;d I_lh_;l Z('Jl:l SH Ig'h dér?;tni!othallj\;nzzpja;mejr7lc9laten; s(gzrgr;f;l)caig;oz;lfor
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ET— P —— (i) Direct (directly connected to mortality node), mixed data." Journal of the Royal Statistical Society: Series atistical Methodology) 79, no. ; :
iti i .. , . S .
_ _ (ii) Indirect (connected with a node which is connected to mortality) e " :
1. Joint dependence |[a) No clear way to think, apart from getting a non- |a) We can use 24y or more broadly £ to (iii) No (not in class (i) and (ii)) ' 2. Farrell, Spencer G., Arnold B. Mitnitski, Olga Theou, Kenneth Rockwood, and Andrew D. Rutenberg. "Probing the
structure parametric estimate of sample covariance matrix define and visualize the dependence network structure of health deficits in human aging." Physical Review E98, no. 3 (2018): 032302.
(like using Kendall's Tau or Spearman’s Rank structure among covariates and also . . : . : . : :
Correlation). with outcome included. We consider a list pf mformatl\{e measures and-dlagnostlcs I!sted in TabIe_Z and t.he ngmber of.connectlons of a
node, group them into connection categories (Fig. 3) and variable types (Fig. 4), visualize them in a scatterplot
b) No clear method for dimension reduction except | b) We can do dimension reduction of matrix with rank correlation values printed in the upper half.
PCA. covariates after finding PC loadings of : : : :
Yxx and we can later compute principal Figure 3: Cross-correlation of comparison grouped b\/ variable types Flgure 4: Cross-correlation of comparison gI’OUDEd b\/ connections
scores on the latent space.
2. Individual a) We can do logistic regression of Yon individual |a) We can use the specific elements of Latent Logistic Column Column Variance
i en a g . isti - T - - - : Degree of
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S . matrix matrix moade moae
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