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Abstract 

Leveraging social propagation of health interventions for disease prevention is a 

public health holy grail. However, the dynamics of social causal induction have not 

been well studied. We present evidence from a randomized trial, demonstrating 

social-behaviorally “infectious” risk factor dynamics for obesity and diabetes. Spe-

cifically, we present the Social R0 of weight loss propagation, which is itself adapted 

from the widely used infectious disease R0. Via the trial design to infer causality, we 

calculated the Social R0 across multiple time points for weight change propagation 

(social-R0 = 1.2, p < 0.01). We further show that health propagation of an intervention 

program can attain epidemic proportions; and that public health systems can inter-

vene to modify the R0 value thereby potentially managing, preventing, or reversing 

social infections at epidemic scale (yielding population-averaged comparative R0 

ratios, 7.77 < Rc < 15.58, p < 0.01, for weight loss propagation). To facilitate adoption of 

the methodologies, macros and code for use with various statistical software pack-

ages are included. The results indicate that the social induction of health interven-

tions are not only possible, but that propagation can both be isolated causally via trial 

design and be quantified over time. This bodes enormous promise for developing and 

quantifying future self-sustaining public health interventions.

Author summary

Public health debate persists concerning the distinction between communica-
ble diseases caused by microbes or viruses and “non-communicable diseases” 
that are not. We offer evidence that more precise and granular public health 
categories are needed; and that “non-communicable” and “non-infectious” can 

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcsy.0000068&domain=pdf&date_stamp=2025-10-02
https://doi.org/10.1371/journal.pcsy.0000068
https://doi.org/10.1371/journal.pcsy.0000068
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0003-2178-7773
https://orcid.org/0000-0001-8194-6591
mailto:Eric.FeiglDing@necsi.edu
mailto:zoughbie@cal.berkeley.edu


PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000068  October 2, 2025 2 / 14

be tautological misnomers. The literature suggests an underlying socially “infec-
tious” phenomenon and we hypothesize that social networks constitute a propa-
gating force which can be quantified in socio-biological terms and leveraged for 
public health. But if weight loss, like biological pathogens, cascades through host 
populations, and can be mitigated through interventions targeting risky social 
behaviors, then can a social reproductive number for metabolic and cardiovas-
cular disease be estimated and modulated? We present the first known evidence 
from a randomized trial in the USA, demonstrating the epidemiological dynamics 
of socially infectious risk factors. We find that health propagation can achieve ep-
idemic proportions (including changes in weight); and that public health systems 
can intervene to potentially manage, prevent, or reverse social infections at epi-
demic scale. The results indicate that the social induction of health interventions 
are not only possible, but that propagation can be both isolated causally via trial 
design and quantified over time. This bodes enormous promise for developing 
and quantifying future self-sustaining public health interventions.

Introduction

Ever since Robert Koch’s “germ theory” was proven in 1890 [1], a sharp distinction 
between diseases that are causally linked to microbes or viruses and those that are 
not has dominated the field of public health. The former are termed “infectious” or 
“communicable” and the latter “non-infectious” or “non-communicable.” As the Cam-
bridge Dictionary states, a non-infectious disease is “not able to be passed from one 
person, animal, or plant to another.” An infectious disease is the reverse [2].

This binary logic sparked an unresolved debate within the WHO and in the pages 
that follow, we offer evidence in support of the view that fundamental public health 
categories need rethinking; that more precise and granular categories are needed; 
and that “non-infectious” and “non-communicable” can be tautological misnomers. 
If one assumes a disease is “non-infectious,” one has no need to calculate a repro-
ductive number (R0). Post COVID-19, it is widely understood that the R0 value, when 
acted upon strategically, can help public health officials pinpoint the location of an 
epidemic, estimate its severity, and deploy targeted preventative strategies. There is 
no end of lesson in comparing New Zealand’s emergency response and associated 
COVID-19 R0, which resulted in -57 excess deaths per million, and the United States’ 
COVID-19 R0, which resulted in 3,706 excess deaths per million [3].

Ever since Christakis and Fowler’s 2007 observational study hinted there may be 
social correlations of obesity between limited friends [4], the scientific literature has 
been suggesting there may be an underlying socially “infectious” phenomenon. Due 
to inherent research design limitations in the Framingham Heart Survey [5], notably 
the inability to distinguish induction from homophily and confounding, causation could 
not be established. Russell Lyons questioned the study, even going so far as to sug-
gest that the data may actually suggest no contagion [6]. Subsequent studies argued 
that ignoring homophily can inflate social network effects [7].
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In the context of this debate, we put forth a fundamental Social Contagion Hypothesis: that social networks constitute a 
propagating force; that this force can be quantified in socio-biological terms; and that this force can be leveraged for public 
health. To prove this hypothesis, we first observed that weight loss trajectories clustered within social groups in Jordan 
[8]. We then designed two and three-arm randomized trials in rural Appalachia, Kentucky and in urban Amman, Jordan. 
As reported elsewhere, we demonstrated that social network effects enhanced educational effects, and using a novel ITT 
Social Induction Ratio, determined that social network effects explained the superior metabolic improvements of the main 
intervention. Our results were further bolstered by a mediator analysis: we found that behavioral improvements in diet, 
physical activity, medication, and monitoring did not substantially explain overall health improvements, suggesting the 
involvement of other causal pathways. We then identified a specific Leader-to-Follower Social induction pathway through 
which metabolic improvements cascaded and demonstrated social propagation within low-income Middle East populations 
[8–12]. As further validation of social network effects, the model was tested via randomized and quasi-experimental trials 
focused on HIV/AIDS in Kenya. These trials showed, in a vastly different infectious disease setting, that a social network 
intervention was causally linked to feelings of increased social support, and in a subpopulation analysis, demonstrated 
superior engagement in care [13].

Yet a major question still remains unanswered: if behavioral risk factors, like biological pathogens, cascade through 
host populations, and can be mitigated through interventions targeting risky social behaviors, then can a Social R0 – an 
adaption of the infectious disease R0 –for weight loss be estimated and modulated in a white rural low-income Appala-
chian setting?

In what follows, we present the first known evidence from a randomized trial, demonstrating the epidemiological 
dynamics of socially infectious diseases. We infer causality via a Social R0 ratio; that an R0 can be calculated for weight 
loss propagation; that health propagation can achieve epidemic proportions; and importantly, that public health systems 
can intervene to modify the Social R0 value thereby potentially managing, preventing, or reversing social infections at 
epidemic scale.

Intervention

The Microclinic Social Network Program was initially designed as a game to test the possibilities and limitations of what 
we term “Managed Co-opetition.” Since the overall structure of the program has been described elsewhere in great length 
[12,14–23] a brief overview is given below.

Potential program participants were screened and if they met the inclusion criteria were enrolled and randomized into 
two groups. In the first group, individuals formed “microclinic” clusters, small groups of family members or friends who 
supported one another in their journey towards improved health. Each of these clusters were nested within larger classes 
composed of other similar clusters.

During classes, microclinic clusters were given group activities and homework assignments to use their social influence 
to positively impact the health of those around them, especially those within their intimate circle of family and friends. They 
were taught a basic philosophy of the program, paraphrased as follows: I influence and am influenced by those around 
me; this can be a good or bad thing; we can make this a good thing by making good health contagious!

Participants were particularly instructed to apply this philosophy to four “M’s” in their daily lives:

1.	Meals (diet): “I influence and am influenced by the diet of those around me….”

2.	Movement (physical activity): “I influence and am influenced by the physical activity of those around me….”

3.	 Monitoring (self-testing and testing at medical facilities): “I influence and am influenced by the testing of those around me….”

4.	Medication (appropriate amounts, at the right time, in the right quantities). “I influence and am influenced by the medi-
cation consumption of those around me….”
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Precisely because Microclinic clusters lived together or were good friends spending time supporting one another 
outside the study, they had the advantage of being able to organize themselves, to get their families to accept healthier 
meals, induce each other to exercise, keep tabs on one another’s overall health and weight, and offer reminders to take 
their medication.

At the same time, there were clear elements of competition inherent in the program, occurring between Microclinic 
clusters in the same class, but also to a lesser extent, within the clusters. Importantly, a pedagogical aim made clear 
that there was a certain race to the top with the program, rather than a zero sum structure: one could help others 
improve their health, but one also needed the help of others in order to achieve their health goals. This would be 
equivalent, say, to a classroom full of math students being told that the grading curve would not only be abolished, 
but that they would also be given extra points if the class average was above a B + . In this scenario, each individual 
student would still compete for the prestige of an A+ mark, while at the same time, cooperating with others, keeping 
one another motivated, and reciprocally sharing information that may have been missed during lectures. We call this 
process “managed co-opetition.”

In both competitive and cooperative cases, therefore, the payoff was tied to improved health, as was quantified via 
regular parallel testing among enrollees in both study arms.

Methodology

One novel extension of the Susceptible-Infected-Susceptible (SIS) compartmental model of mathematical epidemiology 
[24], the SISa model [25], augments the former with an additional, spontaneous, ‘automatic’ infection term:

	
dS
dt

= –βSI+ gI – aS = –
dI
dt 	

Here, S (I) denotes the number of susceptible (infected) individuals at time t; a constant (large and well-mixed) popula-
tion, N = S + I, is assumed; along with constant rates of transmission, recovery and spontaneous infection, respectively, β, 
g, and a. The authors estimate these rates, additionally assuming two kinds of infection (‘content’ and ‘discontent’) and 
allowing the possibility of superinfection directly between such states; epidemiologically modelling emotions in a social 
network determined via the Framingham study [5] which included administration of the CES-D exam [26] for classifying 
subjects’ emotional states. We adapt their methodology to clinical, survey and social network data from a randomized 
controlled trial (RCT) conducted in Appalachian Bell County, Kentucky. A major difficulty is the classification of subjects’ 
states: For changes in weight, we naturally identify ‘lost’ (‘gained’) with ‘content’ (‘discontent’); but we have no CES-D or 
other diagnostic criteria to distinguish an intermediate, ‘neutral’ state. As such, much of the analysis and results center on 
sensitivity and robustness analyses of corresponding thresholds; absolute values of change below (above) which subjects 
are classified as ‘neutral’ (‘lost’ or ‘gained’).

Due to the supplementary spontaneous infection which distinguishes the SISa model, the basic reproduction ratio [27] 
does not exhibit the thresholding behavior common to classical compartmental models including SIS. Nonetheless, it may 
be estimated as follows:

	
R0 ≃ βn

g 	

This is a first-order Taylor expansion of 1-exp(-βn/g), the cumulative distribution function of an exponential random 
variable corresponding to the interarrival time of a Poisson process with rate βn/g: It is the probability that, in a unit time 
interval (in the present case, one week), an ‘infected’ individual infects one of their (n) contacts. Here, n is the average 
network degree. However, there is an additional complication due to the model being constrained to a social network; the 
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estimated rates are specific to state transitions, and thus two R0 values are computed (which measure the probabilities of 
such transitions), one each for (e.g., weight exceeding 5 lb) ‘loss’ and ‘gain’: For each i ∈ {l, g},

	
Social R0,i ≃

βini
gT,i 	

Here, βi is the slope estimated (ai being the corresponding intercept) via an ordinary least squares (OLS) regression of 
neutral-to-state i transitions at time t on the number of contacts in state i at time t-1 (of which ni is the average); and the 
‘total’ rate,

	 gT,i = gi + si	

Here, gi is the intercept estimated via an OLS regression of state i-to-neutral transitions at time t on the number of neutral 
contacts at time t-1. Denoting by j the other infected state, and σij the intercept estimated via an OLS regression of state 
i-to-state j transitions at time t on the number of contacts in state j at time t-1, the following are computed:

	 αj = aj + βjnj	

	
si =

[
σij – gi

(
1 –

1 – e–αj

αj

)]

+	

Here, [.]
+
 denotes the positive part, max{0,.}.

Our novel procedure involves three key R0 causal intervention effect measures. First, having so computed R0,l and R0,g, 
our ‘integrated’ net loss R0 value is computed. Furthermore, in contrast to an observational study which was only able 
to establish the existence of dis/content R0 values incidentally [25], the present RCT data was partitioned into two arms 
(treatment groups), treatment (A) and control (C), yielding values for each x ∈ {A,C} and quantiles q ∈ [0, 0.9]:

	 R0,x;q≡ R0,x;l,q – R0,x;g,q	

Here, for each i ∈ {l, g}, R0,x;i,q is as above, with contacts restricted to lie within common arms (x). This measures a sort of 
‘profit’ realized within the corresponding arm; the probability of loss (improvement) less that of gain (dis-improvement).

More precisely, this weight loss net R0,x;q is interpreted as follows: Within arm x ∈ {A,C}, define the loss (gain) state via 
a previous-period weight decrease (increase) with magnitude exceeding quantile q ∈ [0, 0.9] of the collection of all such 
one-period weight change magnitudes, and neutral otherwise; then R0,x;q is the expected number of subsequent neutral-
to-loss transitions induced by contacts in the loss state, less that of neutral-to-gain transitions induced by contacts in the 
gain state, both taken relative to a ‘contactless’ case where state transitions are not influenced by such contacts. As such, 
either term (unlike a classical, epidemiological R0) may be negative, in case of negative rather than positive influence, 
where loss (gain) contacts may be expected to in fact decrease the incidence of neutral-to-loss(-gain) transitions. E.g., 
heavy drug (say, heroine) use might be an intuitive example, where (hypothetically) having familial drug users may actu-
ally reduce one’s likelihood of becoming a user. As a concrete example, in case R0,x;l,q = 2 and R0,x;g,q=0.5, R0,x;q = 1.5,  
say at a threshold quantile corresponding to 5 lb weight gain/loss, 1.5 more neutral-to-loss than -gain transitions are 
expected to occur, respectively due to loss-(gain-)state contacts. Also, since 1.5 > 1, over iterated time periods, such 
weight loss is expected to propagate as a contagion at an epidemic level.

Smoothed via moving average (with factor 0.75) and estimated [at the 95% level, propagating OLS coefficient esti-
mates’ standard errors via Monte Carlo simulations [28] and robustly estimating covariance via the Olive-Hawkins method 
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[29]], these values are obtained and plotted for thresholds (demarcating the neutral/infected state transitions) between 
zero and the 90th percentile of the histogram of absolute weight changes (for the entire dataset).

Second, to compare the two arms [which again is beyond an observational scope [25]], the following ‘intent-to-treat 
causal Social R0, relative efficacy ratio’ is proposed:

	
Rc;q ≡

R0,A;q – R0,C;q

|R0,C;q| 	

The numerator difference ensures that this ratio’s sign corresponds to treatment efficacy; positive for treatment-induced 
weight loss. And the denominator absolute value scales this as a multiple of the control without regard to its sign. More 
precisely, the reason for using the absolute value of the denominator, is that the sign of the numerator then indicates 
whether the intervention improved upon the control (positive) or not (negative). These values are similarly smoothed and 
estimated for thresholds up to the 90th percentile of the histogram of absolute weight changes.

Third, a summary measure of the efficacies Rc;q, up to the qth percentile of the weight change histogram, is computed as 
a histogram [say, p(κ)]-weighted average of the preceding values:

	
Rc;q =

∫ q

0

Rc;κdp(κ)
	

Similarly, taking instead the arm-wise R0,x;q values as integrands, analogous summary measures are obtained:

	
R0,x;q =

∫ q

0

R0,x;κdp(κ)
	

Finally, note that the longitudinal, repeated-measures RCT data are spread across four one-week intervals; but given that 
there are too little data within any single of these, the state transitions and contact counts are pooled across all to yield 
significant results. Also, the OLS regressions are controlled for over a hundred covariates, including age, gender, preex-
isting health conditions such as pre/diabetes, hypertension and being overweight or obese, and several others obtained 
from survey data related to lifestyle habits including healthy eating, smoking and exercise.

To aid the reader’s visualization of the mechanistic calculation of the Net Social R-naught, which represents the (Net of 
R(loss) – R(gain)), the steps of the previously described methods are diagramed in the four panels of Fig 1.

The multiple stepwise computations of Fig 1a, b are combined diagrammatically in Fig 2a; likewise for all of Fig 1 in 
Fig 2b for comparing the randomized trial’s intervention arm versus the control arm, in order to obtain the causal effect 
efficacy ratio.

Results

The study included 494 participants randomized into a social network Intervention Group (n = 301) or the Control Group 
(n = 193). Recall the defined weight loss net R0,x;q: Within arm x ∈ {A,C}, define the loss (gain) state via a previous-period 
weight decrease (increase) with magnitude exceeding quantile q ∈ [0, 0.9] of the collection of all such one-period weight 
change magnitudes, and neutral otherwise; then R0,x;q is the expected number of subsequent neutral-to-loss transitions 
induced by contacts in the loss state, less that of neutral-to-gain transitions induced by contacts in the gain state, both 
taken relative to a ‘contactless’ case where state transitions are not influenced by such contacts. As a concrete example, 
in case R0,x;l,q = 2 and R0,x;g,q=0.5, R0,x;q = 1.5, say at a threshold quantile corresponding to 5 lb weight gain/loss, 1.5 
more neutral-to-loss than -gain transitions are expected to occur, respectively due to loss-(gain-)state contacts. Also, since 
1.5 > 1, over iterated time periods, such weight loss is expected to propagate as a contagion at an epidemic level.



PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000068  October 2, 2025 7 / 14

Fig 1.  A. Specify a threshold (x-axis) for weight change above (below) which absolute value positive/negative weight changes are classified 
as R-naught(gain) and R-naught(loss) from a neutral level. B. Perform ordinary least squares regression on each of six non-self transitions between 
these three classes, for each subject eligible to so transition against their number of contacts likewise transitioning in the previous period. Coefficients 
from the four transitions involving loss (gain) are used to compute R0,l (R0,g), which difference yields R0 (previous panel y-axis). C. Performing the 
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Table 1 reports trial participants’ baseline characteristics.
Table 2 reports the histogram-weighted averages of the proposed social ratios (R0) for weight loss.
Similar to taking net loss less gain weight changes, net intervention against control differencing establishes treatment 

effect. Provided are point and interval estimates for these weight loss net R0,x;q values, averaged over quantiles up to 

q = 0.9 and weighted by the (within-arm) histogram of absolute weight changes: Intervention [control] R0,90 weight loss is 
estimated to be 0.0916 (95% CI [0.0686,0.115]; p < 0.001) [0.138 (95% CI [-0.0044,0.280]; p = 0.058)].

As to why the causal effect ratio reported in the third column of Table 2 doesn’t equal or even approximate the naïve 
crude ratio of the values in the intervention versus control arms:

	
Rc;q =

∫ q

0

Rc;κdp(κ) =
∫ q

0

R0,A;κ – R0,C;κ

|R0,C;κ|
dp(κ) ̸=

∫ q
0
R0,A;κdp(κ)∫ q

0
R0,C;κdp(κ)

=
R0,A;q

R0,C;q 	

The formula is more than just a crude ratio – as mathematical rules dictate that “the integral of a ratio is not the ratio of the 
integrals:” Both because Rc;κ divides by the absolute value |R0,C;κ|, and the numerator difference without that being the 
case would result in subtracting q from the left-hand equalities. We believe our way is superior to a straightforward crude 
ratio as the right-hand pair of equalities: The latter compares averages over the appropriate thresholds which ‘blurs’ their 
effect, whereas the former directly compares arms for each threshold, before averaging which avoids ‘apples-to-oranges’ 
comparisons. Intuitively, this avoids missing important facts, e.g., that peaks in the S1 Fig occur for different thresholds; 
for which the intervention-vs.-control comparison is strong, and remains so even when averaged over all thresholds; 
whereas averaging before taking ratios smoothes the peaks and ends up artificially comparing distributional averages as 
though they correspond to equal thresholds, hence the comparatively unimpressive ratios that result from dividing the first 
two columns of Table 2.

Table 3 reports the histogram-weighted averages of the proposed (comparative) ratios (Rc) for weight loss.
Provided are point and interval estimates for these weight loss net R0;q treatment effects (divided by the correspond-

ing absolute control loss net values), averaged over quantiles up to q ∈ {0.75, 0.8, 0.9} and weighted by the histogram 
of absolute weight changes; with results seen to be consistent, and in particular for q = 0.9 (replicated as the rightmost 
column of Table 2): Rc,90 weight loss is estimated to be 13.7 (95% CI [10.6,16.7]; p < 0.001).

S1 Fig presents for weight loss, plots of R0 by arm and Rc up to the 90th percentile of changes across the dataset; the 
histogram-weighted averages of the latter being tabulated previously.

Discussion

These results demonstrate the positive propensity for the propagation of weight loss in classrooms over time; cascading 
behavior that public health authorities can leverage. In a rural low-income setting, we tested novel Social R0 metrics for 
the effect of behavioral change interventions on transmitting by weight changes over time. This was done loss net of gain 
for thresholds up to 90% of the population changes observed for weight loss, which has never been so parameterized 
before nor applied in the ITT setting of an RCT to estimate R0 efficacy. Further, this integrated measure allows results to 
be translated across a range of weight loss thresholds. These are possible only because of our unique RCT design and 
the formulas presented. We believe these results suggest that social networks, and not simply health education, yield 
propagative clinical improvements. Participants exposed to the intervention experienced greater clinical improvements 

preceding steps for the treatment arm and the control arms separately yields R0,A (R0,C), respectively, which difference divided by the absolute value of 
the latter yields Rc. D. Numerically integrating Rc up to the qth percentile of the histogram of all subjects’ weight changes (shown), weighted by the latter, 
yields the so-weighted average, Rc,q or the overall Net Social R-naught(weighted).

https://doi.org/10.1371/journal.pcsy.0000068.g001

https://doi.org/10.1371/journal.pcsy.0000068.g001
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Fig 2.  A. Net R0(Loss-Gain) calculation: For a given threshold, subjects are classified as gained, lost or neutral; OLS regression is done for 
each of the corresponding pairwise transitions; and those not involving gained (lost) are combined to yield R0,l (R0,g); the difference of which 
yields Net R0(Loss-Gain) at each weight change threshold. B. This procedure is separately applied to treatment and control subjects, respectively 
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relative to controls and the cascading effect of the Social R0 is orders of magnitude larger. Because the study was ran-
domized and results are consistent with other evidence, we believe we can rule out confounding factors or reverse 
causation.

Note that social reproductive numbers have been proposed and used widely in the case of biologically infectious 
communicable diseases, namely, for COVID-19 [30]. Frontier methods including convergent cross mapping and other 
instances of empirical dynamic modeling and manifold learning can account for variable non-linear interactions (vs. simple 
correlation) even without considering time delays [31]. These models are also able to capture important spatial depen-
dencies, as well as variable collective interactions (i.e., multi-correlation); however, the size of the RCT dataset presently 
considered could be one limiting factor in their implementation. Similarly hampered are global sensitivity and uncertainty 
analysis (GSUA), via both simple variance-based and entropic approaches, which ideally could assess how much variabil-
ity (and its randomness) is contained in inputs for the variability of outputs (or even distributionally via co-predictability ver-
sus causality) [32,33]. Altogether to provide an aspirational summary, in an ideal scenario with unlimited RCT data; how 
indicators/predicted variables evolve spatiotemporally, conditional on desired (health) outcomes, is critical to understand 

Table 3.  Body Weight histogram threshold-weighted average Rc up to 75th, 80th, and 90th percentiles.

(Net of R(loss) – R(gain)) Histogram-weighted average Rc (up to the listed percentile), Rc,q

q 0 to 75th percentile 0 to 80th percentile 0 to 90th percentile

Body Weight 15.6
[12.9,18.3]

7.77
[4.86,10.7]

13.7
[10.6,16.7]

https://doi.org/10.1371/journal.pcsy.0000068.t003

Table 1.  Baseline characteristics of Kentucky trial participants.

Characteristic, mean±SD, or % Intervention Group
(n = 301)

Control Group
(n = 193)

Age, years 52.7±13.7 56.6±13.3

Women, (%) 88.4 84.1

Weight, kg 94.7±20.0 95.7±21.6

Height, m 1.63± 1.64±
BMI, kg/m2 36.2±7.4 36.0±8.0

Obesity, BMI>=30, % 78.2 76.5

Waist circumference, inches 44.1±5.5 44.5±5.7

HbA1c % 6.1 6.2

HDL cholesterol, mg/dl 42.3±13.2 38.9±12.2

Mean arterial blood pressure, mmHg 95.6±10.4 96.0±10.2

https://doi.org/10.1371/journal.pcsy.0000068.t001

Table 2.  Causal Effect Ratio of Social R0 Reproductive Number (0-90th percentile) in Classrooms 
over all intervention and control sessions of the randomized trial.

Intervention Arm
Social R0,A,90

Control Arm
Social R0,C,90

Causal effect:
Ratio of Social Rc,90

Body Weight 0.0916
[0.0686,0.115]

0.138
[-0.0044,0.280]

13.7
[10.6,16.7]

https://doi.org/10.1371/journal.pcsy.0000068.t002

yielding R0,A and R0,C; the difference of which, divided by the absolute value of the latter, yields Rc; which is then numerically integrated with respect to 
the histogram of (all subjects’) weight changes to yield Rc,q, e.g., in case q = 90, up to the 90th percentile.

https://doi.org/10.1371/journal.pcsy.0000068.g002

https://doi.org/10.1371/journal.pcsy.0000068.t003
https://doi.org/10.1371/journal.pcsy.0000068.t001
https://doi.org/10.1371/journal.pcsy.0000068.t002
https://doi.org/10.1371/journal.pcsy.0000068.g002
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site-/time-specific and universal shifts but more importantly the shape of stress-response patterns (e.g., how outcomes 
can be controlled by using the most important factors derived from GSUA). Indicator distributions (of predicted patterns) 
can be analyzed as a function of the predictors considering their joint distributions, or moments and considering indicator 
variability along predictors’ gradients. The stability of such patterns over predictors’ gradients and their critical transitions, 
is important to quantify because it may determine potential stable states.

In presenting these results for an intervention aiming to modulate the Social R0 of so-called “non-infectious”  
or “non-communicable diseases,” we show that the latter in fact have “socially infectious” or “socially communica-
ble” properties that shape biology. While prior randomized and non-randomized trials have demonstrated varying 
levels of health improvements as a result of social-network structured interventions, they were not able to disen-
tangle precise causal mechanisms [34–37]. By contrast, our studies, which have been replicated in two distinct 
socio-economic and geographical contexts, are the first to specifically isolate social networks as an independent 
causal force enacting, and being enacted upon, by individual biology [12]. In both quantifying and modulating 
social infection vis-a-vis a novel Social R0 ratio, we have identified the essential socio-biological nexus of weight 
loss transmission. This bears great significance for the fields of epidemiology, implementation science, integra-
tive biology, and especially public health in the age of artificial intelligence [38–40]. Notably, we have clarified the 
interdependence of individual and collective biological organisms in a “non-communicable” disease context lacking 
a physical pathogen.

Supporting information

S1 Fig.  A. Weight change; R0 values by arm: Most notable here is an epidemic value of R0, loss net gain, in arm 
A: Separately from the ‘automatic’ infection (term a) which distinguishes the SISa model from its classical com-
partmental counterpart, SIS, it is significantly (at the 95% level, and likewise for all following results) observed in 
the trial (treatment) arm A that for every subject having lost between 2.8-3.6 lb or more, on average in the follow-
ing week, more than one (specifically, about 1.2) of their previously neutral social contacts also lose between 
2.8-3.6 lb or more, relative to the corresponding number of previously neutral social contacts that gain between 
2.8-3.6 lb or more, for every subject having gained between 2.8-3.6 lb or more in the preceding week. E.g., this 
situation could involve each ‘loser’ inducing 1.2 loser contacts and each ‘winner’ none, each loser and winner inducing 0.6 
loser and winner contacts, or each winner inducing 1.2 winner contacts and each loser none: However, net of gain, each 
loser induces on average 1.2 loser contacts. No other comparable R0 values are observed in arm A, whereas in (control) 
arm C, significant but smaller (and in particular, non-epidemic) net values are observed for a broader range of thresh-
olds. To emphasize, relative to control (arm C), treatment (arm A) has significantly and for a range of change thresholds, 
induced positive, epidemic weight loss net of gain. B. Rc values: Notable here is an anticipated jump for the same thresh-
olds which yield epidemic social-network-induced weight loss net gain; namely, 2.8-3.6 lb: The conclusion is that relative 
to control arm C, the differential improvement in treatment arm A is (significantly) two orders of magnitude greater than 
the absolute R0 of weight loss net gain. In other words, not only does treatment induce epidemic-level improvements in 
weight loss from the control, but as a multiple of the latter’s magnitude, the degree of improvement is nearly 250 times. 
Of course, there is a similarly large negative deviation from the control for much higher thresholds, which are seen in the 
corresponding R0 plots to result from a much smaller (by about two orders of magnitude and obviously non-epidemic, but 
negative) R0 in treatment arm A; but this is of little importance: Namely, because for such thresholds which exceed even 
the mean weight change in the entire dataset, the analysis becomes driven by outliers exhibiting extreme weekly weight 
loss or gain (all others being classified as neutral); and as such the histogram-weighted average Rc value, 13.66, is signifi-
cantly positive as it heavily discounts these outlying aberrations.
(TIF)
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S1 File.  Pages 1–2: Macro code for computing the Social R0 in Matlab. Pages 3–4: Macro code for computing the 
Social R0 in R. Pages 5–6: Macro code for computing the Social R0 in STATA.
(DOCX)
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