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 The impact of social influence from others on choices made by subjects and how this 

influence accumulates was studied by secondary analysis of reported experimental data.  To 

explain this impact a link is proposed between social influence network theory (SINT) and status 

characteristics theory (SCT). The link formula transforms stay probabilities for different status 
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while stay probabilities of subject given two disagreeing others are transformed into vertical-axis 

coordinate values corresponding to the horizontal axis values for further analyses. The results 
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CHAPTER 1 

STATEMENT OF THE PROBLEM 

 Understanding how social agents interact and influence one another is fundamental to 

decision-making in the family and in the small groups that run organizations from day to day. 

Even macro events in sociology can also be viewed as events in groups of two, three, or a few 

more people meeting, dispersing, and meeting repeatedly. The dangers of mis-communication 

and group-think are well known. Even after decades of research, sociological understanding of 

social agent interaction even in small groups still remains a fertile area of inquiry.  

The reason the research of this project is needed is that, hitherto, a satisfactory link has 

not been found between two different sociological theories that have been developed in recent 

decades--social influence network theory (SINT) and status characteristics theory (SCT). 

Weights of influence by other agents on a subject are theorized to accumulate linearly as to 

interval variable decisions in SINT. However, stay probabilities of binary decisions do not 

accumulate linearly in SCT. The two theories--SINT and SCT--use different terminology and 

different types of variables. The two theories do not look similar in their mathematical 

expression either.  

Hitherto, it has been unclear by what, if any, quantitative definition of weight of social 

influence the weight of social influence from multiple social agents might accumulate linearly in 

weight on binary choice decision-making by a subject social agent. In my earlier work 

(Hollander, 2003), the influence of two similar other agents in SCT disagreeing with a subject 

agent was not twice that of either of them alone under the logistic formulation of that earlier 

research. Continuing the search for an elegant linear formulation is preferable to resigning 

ourselves to dealing with the complexity of using a nonlinear formulation.  
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Decisions and Influence between Social Agents 

 Social life is so vastly miscellaneous in its particulars that social agents themselves, and 

sociological investigators as well, seek some way of describing what people do in a manner that 

brings some underlying order and understanding. The present work views decisions, regardless 

of their miscellaneous and qualitative character, as dichotomous (yes/no) alternatives and 

identifies these alternatives with numbers such as plus-one (+1) for yes and minus-one (-1) for 

no.   

Decisions that a social agent makes are generically symbolized by the letter D and a 

subscript identifying the social agent. Decision D has two possible values +1/-1 relative to a 

particular definition of the decision. Then in the presence of one or more other agents, a decision 

D0 of the subject may be the same or different from what it would have been in their absence. 

The concept of influence is introduced to recognize that decisions D1 and D2 of other agents 

differ in the effect they have on the decision D0 of the subject, and more strictly speaking, on the 

probability of the subject decision D0 being +1.  
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 Figure 1 uses circles for agents and arrows for influence to illustrate social influence on a 

subject by two other agents.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Social influence network with influence weights. 
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Quantitatively, the influence has some weight value W that is positive, negative or zero. 

But regardless of the magnitude of weight of influence W, the subject’s decision D0 is +1 or –1 

(and never +1.7 or –6 for example). Accordingly, to represent a causal relationship between 

influence and decision, a mathematical SIGN function is used to return +1 or –1 depending on 

the positive or negative sign of the quantity (argument) inside the parentheses:  

  

D0 = SIGN(W + N + U)                                                                                     (1) 

 

In an experiment, and in the real world, the motivations or personal bias U of the subject 

agent also affect the subject’s decision D0. Also, statistical error (Noise) N more or less confuses 

the effect of the weight W and motivations U. Without loss of generality, the noise N is assumed 

to have zero mean. (If the noise has non-zero mean, that mean is re-interpreted as part of the 

subject motivation or bias U.)     When there is no influence by any other agent, and the biasing 

effect U is zero, then the noise N is equally likely to be positive as negative, and decisions of the 

subject go either way  

(D0 = +1, D0 = -1) with equal frequency. 

Also, a first other agent decision D1 is +1 or –1, and a second other agent decision D2 is  

+1 or –1. In words, the effect or influence of an other agent decision D1 on a subject agent is 

mediated by some weight number W1.  

Undetermined at this point in the discussion is whether introducing a second other agent 

would introduce an influence W2 that would add according to the equation 

  

D0 = SIGN(W1 + W2 + N + U)                                                                   (2) 
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Instead, the result inside the parentheses might be a composite influence that would have a 

magnitude defined by some nonlinear function f(W1,W2) of the weights: 

 

D0 = SIGN(f(W1,W2) + N + U)                                                                   (3) 

 

Also undetermined at this point is the question whether the influence of the other agent 

decision D1 possibilities  +1 and -1 on the subject involve addition and subtraction of equal or 

unequal magnitudes of influence. If equal magnitudes were the case, the resulting equation 

would be 

 

D0 = SIGN(W1 D1 + W2 D2 + N + U)                                                         (4) 

 

Properties of addition (linearity) of influences and multiplication of weights-times- decisions 

would be very desirable. It is an object of this project to seek some mathematical relationship 

that relates the influence weight to the probability of a decision in such a way that the influence 

thus determined behaves at least by addition of influences. Without presuming whether a 

weights multiplies times a decision, the influence is simply written –W. The reason for doing 

this, for instance, is that (D1 =  -1) W1 represents the  D1 = -1 decision of other agent opposite to 

and disagreeing with the D0 =+1 decision by the subject agent. 
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Indicators of Influence 

Indicators of influence in this project are stay probabilities that were measured in an 

experiment of Camilleri and Conner (1976). Lower values of the stay probability of the subject 

indicate higher values of influence of the other agent(s) upon the subject. The present work 

provides a theoretical advance in understanding how to analyze the stay probabilities to 

quantitatively derive weights of influence from them. 

 

Statement of Purpose 

 The purpose of this study is to examine by what quantitative definition of weight of 

social influence does the weight of social influence from multiple social agents accumulate 

linearly in weight on binary choice decision-making by a subject social agent. The study is based 

on secondary analysis of reported experimental data. The findings or conclusions directly apply 

to social psychology and social theory. A glossary of definitions is provided in Chapter 4. 

 

Need for the Research  

The reason the research is needed is that, hitherto, a satisfactory link has not been found 

between two different theories, social influence network theory (SINT) and status characteristics 

theory (SCT). Such a link should involve a validated quantitative definition of weight of social 

influence such that the weight of social influence from multiple social agents accumulates 

linearly in weight on binary choice decision-making by a subject social agent. The reason for the 

pivotal importance of that type of quantitative definition of weight is explained next. 
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 Weights accumulate linearly as to interval variable decisions in SINT but probabilities of 

binary decisions do not accumulate linearly in SCT. SINT involves interval dependent variables 

and weighted sums of independent variables without using any interaction (nonlinear) terms 

involving the independent variables. In other words, SINT is a linear formulation of social 

interaction. SINT already has provided an important approach to unifying four sociological 

theories (Friedkin, 1999). 

 By contrast, SCT (Berger, Fisek, Norman and Zelditch, 1977) involves a probability of a 

subject social agent staying with a binary choice that can be made in one of only two possible 

ways. This stay probability assumes disagreement of one or two other social agents with a 

provisional choice of the subject social agent. The two theories--SINT and SCT--use different 

terminology and different types of variables. The two theories do not look similar in their 

mathematical expression either. But both theories basically involve social influence or pressure, 

and this basic fact motivates the effort to link, combine or unify SINT and SCT. 

 Experimental data in an SCT social psychology experiment (Camilleri & Conner, 1976) 

provide stay probabilities. These stay probabilities amount to sample means of decisions of 

subject agents to stay with an initial provisional binary choice or binary decision alternative 

(e.g., yes or no coded as 1 and 0) in the face of disagreement with one or two other agents. The 

binary choices (D0 = +1, -1) pertain to some problem confronting an experimental subject, such 

as an ambiguous perception problem. For example, the subject agent is asked to decide whether 

an ambiguous cue card is more black or is more white or to similarly decide between two similar 

stimulus slides. Since experiences of living in general are manifestly replete with uncertain 

choices and differences of viewpoint between interacting social agents, an experimental study of 
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uncertain choices is not limited in significance just because a special case of ambiguous visuals 

is experimentally used to introduce the uncertainty. Accordingly, such experimental study 

meaningfully can contribute to the state of fundamental knowledge in sociology. 

A social psychology experiment reported by Camilleri et al.  (1976) had two rounds. In 

Round 1, a subject agent made a provisional binary choice decision about an ambiguous visual 

pattern, such as more black or more white. In Round 2, one or two social agents exert weight of 

influence on the subject agent by disagreeing with the Round 1 provisional binary decision of 

the subject agent. In Round 2, the subject agent then makes a final choice decision.  

Eight different experimental conditions are established for eight sets of experimental 

trials to represent different relative abilities and positions of the disagreeing social agent(s) 

versus the subject agent. The experiment was run a number of times for each experimental 

condition. The experimental data included values of stay probabilities P(S) that the subject agent 

in Round 2 maintained the decision made in Round 1 (e.g., black) about the ambiguous visual 

pattern, by not making an opposite decision in Round 2 (e.g., white if the Round 1 decision was 

black). A stay probability value for a given status situation was computed by finding the 

proportion of instances in which the decision of the subject agent was maintained. The 

proportion is equal to the number of instances in which the decision of subject agent was 

maintained, divided by the number of experimental trials for that experimental condition 

situation. 

 The sample means obtained from the SCT experiment constitute estimates of stay 

probability designated P(S) that represent values of a dependent variable in SCT. For instance, if 

12 out of 30 subjects stay with their initial decision, then the estimated stay probability P(S) is  
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12 divided by 30. In other words, P(S) is .4. Different values of the estimated stay probability 

P(S) are observed for different cases under different experimental conditions such as relative 

social status of the social agents. The estimated probabilities P(S) depend on the experimentally 

introduced influences of one or two other social agents disagreeing with the subject agent in the 

experiment.  

In earlier research (Hollander, 2003), the logistic transformation log[p/(1-p)] was used to 

convert the estimated probabilities from the SCT experiment to interval variables that might be 

useful to forge a link to SINT. However, subsequent regression analysis of the attempted link 

produced a result inconsistent with a linear equation. The influence of two similar other agents 

in SCT disagreeing with a subject agent was not twice that of either of them alone under the 

logistic formulation of that earlier research. This presents a problem. Either a link is impossible 

or further research is needed to establish a better way to address the problem of defining the 

social influence of each social agent disagreeing with subject agent.  

 

Research Question 

 An approach to solve that problem needs to provide a quantitative definition of the social 

influence that indeed can be used to predict the estimated probabilities in the SCT experiments 

according to an equation that is indeed linear and thus lacks interaction terms. Unfortunately, 

alternative transformations that are not logistic are difficult or impossible to express fully on 

paper in simple algebra. But if the problem of identifying and validating a non-logistic 

transformation can be solved, then the solution should defensibly constitute a link of SINT with 

SCT. The link would advance the understanding and use of these hitherto conceptually distinct 

theoretical approaches—SINT and SCT. Data from an experiment to test or clarify either theory 
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would presumably become pertinent for testing or clarifying both theories. This thesis project 

derives, describes, and reports a procedure of, and results from, statistical testing of various 

formulations of a theoretical link. 

 Accordingly, the research question of this thesis is: What quantitative definition or 

definitions of weight of social influence in a linear equation formulation of SINT can be 

established that are consistent with data from an SCT experiment reported in Camilleri et al.  

(1976)? 

 

Assumptions 

This work assumes that the SCT experiment report is accurate and that the experimental 

conditions did succeed in making the influences of each of the other agents equal by identically 

portraying the other agent decisions to the subject agent. Also, as noted in Lindenberg (1981, p. 

312), the model presented herein assumes “exclusive alternatives and event probabilities 

attached to elementary outcomes,” and “stable state choice probabilities.”  Unlike Lindenberg 

(id.), the model presented herein makes no assumption about utility maximizing. 

Also, it is assumed that in Round 1 of the experiment, the visuals did in fact make either 

of the decision alternatives equally likely for the subject to choose.  

 

Summary 

The research of this project is needed because a satisfactory link has not been found 

between two different theories, social influence network theory (SINT) and status characteristics 

theory (SCT). This research seeks a quantitative formulation of weight of social influence 

whereby the weight of social influence from multiple social agents accumulates linearly in 
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weight on binary choice decision-making by a subject social agent. A satisfactory link can 

advance theory by uniting these hitherto conceptually distinct theoretical approaches. 

Experiments generating data to test or clarify either theory thereby test or clarify both theories.  
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CHAPTER 2   

LITERATURE  REVIEW   

                                              Social Influence Network Theory (Model 1)  

Friedkin (1998) extensively describes social influence network theory (SINT), its 

qualitative theoretical setting and its quantitative general formulation, including many specific 

examples. As described in Friedkin (1999), SINT theoretically comprehends several previous 

theories. SINT assumes that each social agent in a group is described by a respective numerical 

value on the same numerical scale or range. Group interaction causes each social agent in the 

group to tend toward a respective weighted average for that agent of the respective position 

values exerting influence by the social agents each upon each. The focus here will be on the 

challenge of linking SINT and SCT.  

        Following Friedkin (1999, p. 860),  “social influence network theory postulates a simple 

recursive definition for the influence process” in a group of actors. See Appendix 1A for further 

discussion of an Equation (1-A) that is called Model 1 herein. 

According to that Friedkin paper, actors’ opinions on an issue influence each other 

through a social influence network. SINT usefully expresses relationships of any number of 

social agents in a social influence network specified by interpersonal influences and actors 

susceptibilities to interpersonal influence on the issue (compare example using Western Electric 

Bank Wiring Observation Room data in Friedkin (2001, p. 174-5)).  

SINT variables y are interval variables and its theoretic paradigm is not probabilistic. By 

contrast, status characteristics theory, discussed below, uses stay probabilities of binary 
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decisions (dichotomous variables) of social agents. These differences pose a challenge to linking 

the two theories.  

 

Status Characteristics Theory (SCT) 

  Simpson and Walker (2002, p. 26) summarize SCT scope conditions and assumptions 

from a prominent and repeatedly cited work in SCT (Berger, Fisek, Norman & Zelditch 1977, p. 

93-133). Other helpful discussions and summaries of SCT are found in Berger, Ridgeway and 

Zelditch (2002, p. 157-177), Webster and Whitmeyer (2002, p. 309) and Fisek, Berger and 

Norman (1995, p. 722-3, 727-733). SCT is situated in a research tradition called Expectation 

States Theory (EST) or E-States (Fararo, 1989, p. 336). 

          The SCT scope conditions basically apply SCT to task-oriented group activity. 

SCT assumptions involve a directed graph structure (diagrammatic conceptual chain of links) 

connecting social agents to task outcomes in a collective-task-oriented situation. The path 

between two places on the graph is a series of links. A procedure counts the links (assuming 

unity length of each link) on each path from the social agent to the task outcomes to determine 

path lengths. Alternatively, various expressions for non-unity length of each link are 

summarized in Webster and Whitmeyer (2002, p. 314-320). Next, an algebraic formula is 

applied to the path lengths to yield numerical values of expectation states.  Expectation states e 

(subscripted) are “expectations for the performance of self in relation to one (or more) other(s).” 

(id., p.  19)    

         P(S) Probability Formula in SCT. The probability of an actor p staying with his or her own 

choice, given disagreement by another actor o with whom he or she is interacting, is called the 
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stay probability P(S). Stay probability is obtained from experiment and is also predicted 

theoretically in SCT by the following function:    

P(S) = m + q(ep – eo),                                                                                         (5) 

where ep and eo signify the expectation states for the actor p and the other actor o; and m and q 

are empirical constants. The choice, to which SCT formula (5) pertains, involves a binary 

decision herein designated Di = +1   or –1.  

Experimental stimulus slides are made with different proportions of black stripes 

compared to white stripes, for instance, for use in an SCT experiment. Let a variable x designate 

an initial response probability that subjects would initially choose between the slides a particular 

way (designate that way D0 = +1) on the first turn of an SCT experiment. For instance, 

probability x is controlled and depends on the exact slides used as the ambiguous objects. That 

initial response probability x is a number between 0% and 100% (0 and 1). Further, the stay 

probability P(S), in general, would be affected by the exact form of the slides. Accordingly, the 

notation P(S) is sometimes replaced by a the notation Ps(x) herein.  

The meaning of the SCT experimental stay probability is further described by an 

illustrative example next. 

  

Example —Disagreement By Other Agent(s) 

In an SCT experiment, see Figure 2, suppose 50% of subjects i by themselves decide an 

ambiguous object is black (Di=+1) and the other 50% decide it is white (Di=-1). Thus, after the 

first step or turn of the experiment, x = .50, the empirically observed estimate of the probability 

p(Di=+1) of subject agent deciding black after the first step (Figure 2). There is no stay 

probability just yet. Then in a second step of the experiment, see Figure 3, suppose PS1 = 60% 
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of those who picked black, stay (reject the contrary opinion of one other agent) in the presence 

of disagreement. Now there is a stay probability PS1. (If there were contrary opinions by two 

other agents, the stay probability would be symbolized PS2.) 

After the second step of the experiment (Figure 3), initial response probability  x = .50  

and  stay probability P(S) = Ps(x) = PS1 = .60. A fraction, also designated  

p(.50, Disagreement) herein, of all subjects i who pick black in the face of a disagreeing other-

agent j, after the two steps of the experiment is equal to the product .50 PS1 = .50 x .60 = .30. In 

general, the probability p(x, Disagreement) after the second round of the SCT experiment 

collectively describes all subjects who stay with black in the face of a disagreeing other-agent, 

and is expressed by 

 

p(x, Disagreement) = p(Di=+1) =  x Ps(x) = x PS1 or  x PS2                                            (6) 

 

In this work, the stimulus visual is assumed 50-50 (x = .5) for secondary analysis. Other 

experiments could use a stimulus visual resulting in a different value of x on the first round.  

Alternatively, as shown in Figure 4, the second step of the experiment measures a 

fraction, designated PS2 of all subjects i who pick black in the face of two other agents j, who 

disagree with the subject.  
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Experiment on Status Characteristic Theory 

The experiment was performed on roughly about 30 subjects under an experimental 

condition establishing one relative status relation (and corresponding expectation states) as 

between subject agent and other agent. Stay probability PS1 was measured as the fraction of 

those subjects who stayed with their initial decision. The experiment was repeated for each of 

the subjects under the same relative status relationship except with disagreement by two other 

agents of equal status to each other. Stay probability PS2 was measured as the fraction of those 

subjects who stayed with their initial decision. A pair of stay probabilities (PS1, PS2) was thus 

obtained. Then the foregoing experimental steps were repeated for eight different status 

relationships in all as between subject and other(s), resulting in eight pairs of stay probabilities 

(PS1, PS2) (Camilleri & Conner, 1976). In the work herein, the experimental data or functions 

thereof result in what amounts to a scatterplot of eight points defined by eight pairs of 

coordinates derived from the eight pairs of stay probabilities (PS1, PS2). The way the 

coordinates for the points are derived from the stay probabilities (PS1, PS2) depends on the 

formula proposed for a theoretical link between SCT and SINT. The formula includes a 

multiplication of the initial response probability x times each stay probability PS1 or PS2, in the 

manner described in the above example. 
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          D = +1        D = -1 

 

Figure 2.  Published experiment, Round 1, 50-50 probability of picking either decision 

alternative.  
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                    D1 = -1                      p( D0 = +1 )  =  x PS1 

 

Figure 3.  Published experiment, Round 2, one other agent disagreeing with subject agent. 

 

 

 

       D1 = -1    D2 = -1               p( D0 = +1 )  =  x PS2 

 

 

Figure 4. Published experiment, Round 2, two other agents disagreeing with subject agent. 
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Negative Log Approach to Prediction of Stay Probability 

of Subject vs. Two Other Agents 

By contrast with the reformulation work here, Lindenberg (1981, p.  328) offered an 

heuristic procedure, here called the negative log approach, for making a stay probability estimate 

(πs in his notation) for the three-person situation (subject vs. two other agents): 

…the confidence level for “high” subjects must have been very high. They had 
been told that 17 of their 20 answers were “correct” and that they were 
“superior.” Let us assume, somewhat arbitrarily, that the original πs = .95 for [+]. 
We observe that with an “inferior” [-] disagreeing partner added, confidence 
drops to πs = .78, our estimate from the binary case. This is a reduction of roughly 
18%. Similarly, we observe that with the addition of a “superior” [+] partner, 
confidence drops to πs = .67, or roughly by 30%. On this basis we assume that the 
addition of a second inferior disagreeing partner will reduce confidence again by 
18%, and that addition of a second superior partner will reduce confidence again 
by 30%. Since we have…no good reason for estimating the original confidence 
level, we assume that the reductions of 18% and 30% apply similarly to subjects 
with inferior expectation states. 

 

Notice that the negative log approach reduces an arbitrary initial value by a first 18% to 

get PS1 (one other agent) and then reduces PS1 by a second 18% to obtain PS2 (second other 

agent). Thus, the arbitrary initial value is multiplied by 0.82 twice (squared) to obtain stay 

probability for two other agents.  

Squaring a factor (e.g., = 0.82 for 18% or 0.70 for 30%) means that the logarithm of the 

factor ln(factor), is doubled (multiplied by 2.0) in Equation (17) to yield stay probability PS2 for 

the case of two other agents. The specifics of the mathematical interpretation of the negative log 

approach of Lindenberg (1981, p. 328) are derived in Appendix F.  

Appendix F derives a regression-slope prediction based on the negative log approach. In 

a regression of stay probability PS2 for two other agents versus stay probability PS1 for one 

other agent, the prediction is that the regression slope will be 2.0 (with negative intercept). 



 20 

 

   Bayesian Approach to Predict Stay Probability 

Pearl (1988, p. 36-38) discusses pooling of evidence and recursive Bayesian updating. 

There, Pearl shows how to repeatedly apply the Bayesian equation in general. The derivation of 

a Bayesian equation for the SCT experimental subject, given one or two other agents 1 and 2 

both disagreeing with subject agent, is given in Appendix G. Appendix G interprets the Bayesian 

approach as representing or implying the stay probability. 

A famous inversion formula of Bayesian inference (Pearl 1988, p. 32) is  

 

P(H|e)  =  P(e|H) P(H) / P(e)                                                                                         (7) 

 

P(H|e) symbolizes the probability (the posterior) that an hypothesis H is true if evidence 

or event e is presented. P(H) represents the probability (the prior) that the hypothesis H is true 

without taking event e into account. Bayesian inference pictures the subject agent as moving 

from a prior belief level P(H) of the truth of the hypothesis to a posterior or event-informed level 

of belief P(H|e) of the truth of the hypothesis H in light of the event e. 

The Bayesian-based approach of Appendix G predicts that a factor will be multiplied 

once to derive the stay probability PS1 in the face of the evidence constituted by disagreement of 

one other agent. Then that same factor is multiplied again, for a total of twice, to derive the stay 

probability PS2 of subject in the face of the additional evidence constituted by the disagreement 

by the second other agent.  

As in the negative log approach, the logarithm of stay probability PS1 should double to 

predict PS2. Appendix G derives a prediction based on the Bayesian approach that the 
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regression slope will be 2.0 (with zero intercept) in a regression of stay probability PS2 versus 

stay probability PS1. The negative log approach as interpreted by Appendix F makes a similar 

slope 2.0 prediction, except with a negative intercept value predicted for the regression.  

Regression testing the negative log approach and the Bayesian approach is performed to 

test whether the slope is 2.0. The regression focuses on regressing logarithm of stay probability 

PS2 for two other agents on logarithm of stay probability PS1 for one other agent. 

 

Binary Choice Models and SINT 

  An elaboration of SINT discussed by Friedkin (2002) and Hollander (2002, 2003) 

involves binary (dichotomous) variables signifying presence or absence of a particular type of 

social action and conformity or nonconformity therewith. Both of their approaches proposed the 

use of the logistic transformation ln[p/(1-p)] of a probability p of making a particular one of the 

two binary decision choices. The logistic transformation produces an interval variable that can 

be any positive or negative value. The interval variable is used in the SINT model equations. 

The interval variable is more suitable for SINT than probability p, which has values limited to 

the range zero to one. 

SCT involves stay probabilities of a dichotomous decision by subject to stay with a 

decision or change it. Whitmeyer (2002, p. 30) suggested that SCT and social influence network 

theory (SINT) (Friedkin 1998) can be connected. David Wagner brought the Camilleri et al.  

(1976) paper to Hollander’s attention in 2002 in a private communication.  

Years before, Fararo (1989, p. 320-340) described work on integrating, connecting or 

linking network analysis with Expectation States Theory (EST) in which SCT is situated. Fararo 

recognized that “The convenience of the experimental laboratory, where a single actor can be 
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exposed to a manipulated social situation has had the effect of keeping much of the theorizing at 

the actor-situation level. Yet, in principle, it should be quite possible to move to the coupling 

procedure and to the dynamics of a genuine system of action.” (id. 336) 

Hollander (2003) proposed an approach to establishing the mathematical link between 

SINT and SCT using the logistic transformation. Linking SCT and SINT would apply the scope 

conditions of both theories simultaneously. Since status characteristics theory (SCT) involves 

probabilities of occurrence of the values of dichotomous variables, the logistic (log-odds) 

transformation and the procedures of logistic regression for data analysis might then be 

considered for applying social influence network theory (SINT) to the data generated by SCT 

experiments. Rojas and Howe (2004, p. 3) also propose a dichotomous opinion (Yes-No) 

mathematical model that assumes the logistic transformation for computing a probability of 

opinion change.  

 

                                              Logistic Error and Logistic Transformation 

Hollander (2003) applied the logistic transformation L= log[p/(1-p)] to SINT to link the 

influences of SINT as if they were logistic values L related to the probabilities p of SCT. 

However, the analysis remained to be generalized and tested further. In all the foregoing work, 

the assumptions behind use of the logistic transformation in this context were left implicit and 

thus difficult to test. Also, regression-based statistical testing of the logistic transformation 

assumption remained to be performed after the Hollander presentations (2002, 2003). It is a goal 

of this thesis project to address these open areas in the Hollander presentations, and the results 

here remarkably cast doubt on the logistic transformation approach.  
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Summary 

The literature on stay probabilities for a binary decision includes SCT-related 

publications of Berger et al. (1977) and Camilleri et al.  (1976). Lindenberg (1981) critiqued the 

interpretation given by Camilleri et al.  (1976) to their reported data. Lindenberg (1981) also 

proposed a prediction formula for stay probability of subject versus two other agents. A 

Bayesian-based interpretation herein of Pearl (1988) yields a prediction formula somewhat 

similar to that based on Lindenberg (1981).  

Friedkin (1999) summarizes SINT. Friedkin (2002) and Hollander (2002) independently 

proposed using a logistic transformation to handle binary decision variables in SINT. Whitmeyer 

(2002) suggested that SINT and SCT can be linked, and Hollander (2003) presented a logistic 

formulation of a link. However, regression testing now requires an explicit reformulation of the 

link. 
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CHAPTER 3 

MODEL LINKING SINT AND SCT THEORIES 

Generalized Error and Generalized Transformation 

A feedback subject-agent model (Model 2 of Appendix A) based on social influence 

network theory (SINT) models each subject-agent i as in FIGURE 5 by a summing element 

followed by an integrator to produce a probabilistic output y(t) at time t. Figure 5 illustrates the 

special case of a logistic probabilistic output y(t)  = L(t) , where L is log-odds. The output y(t) is 

followed by a random number generator of binary decisions (Di = +1 or –1). The decisions of all 

the decision makers are collectively called decision output vector D(t). The decision output D(t) of 

each agent-model interconnects with the others by weights represented by a weight matrix w. 

For a whole social network, a matrix product wD of weight matrix w times a vector D of the 

binary decisions of the agents in the network delivers social influence to each summing element 

for each agent. Exogenous influence vector  U(t-1) in this model is exerted on the summing 

element of each social agent as a decision-maker. In the special case analyzed herein, the 

exogenous influence is due to experimental stimulus slides, is constant or zero, and U(t-1) = y(1)  

as in Figure 6. 

Further, a generalized error N is fed to each summing element. The generalized error N 

has a cumulative probability distribution C(N). The generalized error N has no implicit 

assumptions about the statistical form of its distribution C(N). The error N has a probability 

density distribution F(N) = dC(N)/dN, which is the calculus derivative of the cumulative 

probability distribution C(N). In preparing predictions, assumptions about the form of the 
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probability density distribution F(N) such as logistic, Gaussian (normal), etc., are then explicitly 

made whereupon the predictions are derived. 

For each agent i, the summing output is fed to the integrator having rate constant (rii from 

a diagonal matrix r) and added as increment y(t) -  y(t-1)  to previous integrator output. A time-

wise model equation describing the feedback agent-model provides a probabilistic influence 

process among social agents. 

  The probability p(Di = +1) in SCT that the subject initially perceives an ambiguous 

object in a given one of two possible ways is designated x herein. Stay probability Ps(x) is the 

probability that SCT subject stays with that given one way in the face of disagreement on a 

second round, so  

p(Di = +1) = xPs(x) on the second round.  

As shown in Appendix B, the binary stay decision of SCT has a probability that can be 

linked to SINT by way of an inverse function of the cumulative probability distribution of an 

error N attributed to the subjects.  

I transformed stay probability data from the social psychology experiment by Camilleri 

et al.  (1976) into coordinate values of influence by one and two other agents. The coordinate 

values defined points on a scatter plot. Any one formulation of the theoretic link defined a 

formula to transform the probabilities into influence values for the coordinates. Different 

formulations of a theoretic link determined different sets of coordinate values constituting 

different scatterplots in effect. OLS and error-in-variables linear regressions were used to test the 

different formulations for linearity. The data were stay probabilities P(S) that the subject agent in 

a Round 2 stayed with (did not change) a binary decision (white/black)  made in Round 1 about 

an ambiguous visual pattern or between a pair of similar stimulus slides. One or two other agents 
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disagreed with subject in Round 2. Experimental conditions established eight different status 

relationships of each other agent to subject. Stay probabilities for each status relationship of 

subject with one disagreeing other agent were transformed by a theoretic link formula into 

coordinate values on a horizontal axis. Stay probabilities of subject given two disagreeing others 

were similarly transformed by the same theoretic link formula into vertical-axis coordinate 

values corresponding to the horizontal axis values. Pairs of corresponding coordinates defined 

eight points for the regression. 

A cumulative probability p distribution p= C(N) of the generalized error N occurs in the 

in the model, where p is related to x Ps(x) from the example used to explain the stay probability 

earlier above. The difference of inverses  

 

C-1(1-xPs(x)) - C-1(1-x)                                                                                             (8) 

  

from the data set correspond to weights w in SINT Model 2 as further shown in Appendix C. 

The term -C-1(1-x) in expression (8) vanishes when initial response probability x = .5.  

As discussed extensively in Chapters 4 and 5, the inverses -C-1(1- x PS2) for Two-Other 

(Ternary) data were regressed on the inverses  -C-1(1- x PS1)  for One-Other (Binary) data. The 

regression slope of OLS regression on eight points derived from the data of Camilleri et al.  

(1976) closely approximated the theoretical value of 2.0 provided the error distribution was 

Gaussian and failed to approach 2.0 if the error distribution were assumed logistic. 
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Figure 5. Social agent model with influence weights and generalized error, and 

dichotomous variables in social influence network theory. 
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Figure 6. Binary choice model of subject agent, with generalized error distribution and influence 

by one other agent and two other agents. 
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Model 3:  Decision Threshold Form Of Model 2 

Hollander (2000) presented a socion concept in terms of dichotomous variables and 

SIGN function (Hollander 1994, 1998, 2000, 2002) according to a vector equation for all the 

social actors, called the socion equation. That equation involves a function called the SIGN 

function. The SIGN function is illustrated as a variously-displaced stair-step in Figure 6. There, 

the vertical axis represents decisions D = +1, -1 at just the two heights +1 and –1 above and 

below the horizontal axis. So the stair-step has upper level D= +1 at upper right, and lower level 

D= -1 at lower left. A vertical riser of the stairstep indicates a tipping point of the decision.  

A linear form of a decision equation for social agents in a social network expressed in 

matrix notation and using the SIGN function is called Model 3: 

 

D(t)  =  SIGN (U(t-1)   +  wD(t-1) + N)                                                                          (9) 

 

N is a vector of random error variables each having some zero-mean probability density 

distribution.  

The SIGN function is +1 when its argument is positive and -1 when its argument is 0 or 

negative. For purposes of this paper, write that Equation (9) with non-linear argument for agent i 

as follows: 

 

Di =  SIGN (v(U, wijDj) + N)                                                                          (9A) 
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A proof that U and w of the linear-argument special case of Equation (9) are identical with U 

and w of Model 2 Equation (3-A) is provided in Appendix B.  

 In Figure 6, suppose a disagreeing other agent introduces a weight W of disagreeing 

influence. Then the SIGN stair-step is displaced from the origin on the graph to the right by 

amount W because other influences due to error N have to be substantially positive in influence 

for the decision to stay or tip positive (stay). If a second other agent introduces an additional 

equal weight of influence W disagreeing with subject, then the SIGN stair-step is displaced 

twice as much to the right by amount 2W because it is even less likely that there would be 

enough positive influence from error N to tip the decision positive (stay).  

The outcome of particular decisions is only predictable according to their probability 

because of existence of error N distributed with probability density function F(N) in Figure 6. In 

Figure 6, probability density function F(N) is superimposed on the graph of the SIGN function 

because they share the same horizontal axis. The vertical axis for F(N) is in units of probability 

density. The actual probability of the subject agent making decision D = +1, -1 depends jointly 

on the probability density function F(N) and the weight(s) W of influence.  

As noted above, the error N has some probability density distribution F(N),  its shape 

being as yet unspecified. It might be logistic, Gaussian, symmetric, assymetric, etc. It is possible 

with sufficient data to fit a curve to the data and estimate this function. Also, its form can be 

inferred. 

 Appendix C shows that weight of influence is related to the cumulative inverse 

probability distribution function C-1 applied to a linear function of the stay probability. That 

linear function is 

 1- x PS1    or    1 – x PS2.  
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Then Figure 7 shows the weights of influence for one and two other agents. These 

weights W1 and W2 are used as coordinates to plot one data point on a scatterplot. Each arrow 

in Figure 7 pointing to a coordinate graphically corresponds to the mathematical operation of 

cumulative inverse function C-inverse (C-1(p)). Compared to Gujarati (2003, p.  608-9), I have 

applied the cumulative inverse function to provide both of two coordinates for regression.  

At this point the shape of the function C-1 has not been specified (parametric 

specification),  nor justified, nor validated. These tasks are taken up in the next Chapters.  
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Figure 7.  Cumulative error probability distribution and  

cumulative inverse function of probability, delivering a scatterplot point. 
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Binary Choice Model with Generalized Error: 

Generalized Error Distribution in Model 2. Dyad Case  

In Figure 7, consider a general cumulative probability distribution  p(Dj=+1) = C(v) 

where v is a function v(U, wijDj), and where U = y1 is the same as in SINT-related Model 2. Dj 

is a decision by each other agent in SCT round 2. Decision Dj is -1 if disagreeing and +1 if 

agreeing with the decision of the experimental subject i. 

Then the inverse function C-1(p) represents in general a variable where the error 

distribution might be any of several special cases are like logistic, Gaussian, multi-modal, and 

even non-symmetric functions. For example, for the logistic distribution special case C-1(p) = 

ln[p/(1-p)]. The logistic cumulative distribution  C(N) = 1/(1+e-N) has a probability density 

function 

  

F(N) =   e-N /(1+e-N) 2                                                                                         (10) 

 

The cumulative probability function C(N) is, by general principles of statistics, the 

integral of the probability density distribution. In the Gaussian (normal) special case for zero 

mean and unity variance  

 

C(N) =   ∫−

N

.inf
(1/(sqrt(2π))exp(-N2/2) dN                                                        (11) 

 

The cumulative inverse Gaussian function that function that uses Equation (11) in 

reverse to find a value of N on the right side from a probability value of C on the left side. The 
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cumulative inverse Gaussian function (with zero mean and unity variance) in the Stata package 

is INVNORMAL(p,0,1). 

 

 

                                              Why the Binary Choice Model is Important  

                                                       If It Can Be Empirically Validated  

If Model 3 can be empirically validated, it can be compellingly important from a 

sociological point of view for reasons as next described.  

First, at the individual level, Model 3 is subjectively plausible as a decision-making 

model because individuals commonly experience and anecdotally report weights of influence of 

varying intensities as well as binary decisions somehow related to those weights of influence. 

This feature is reflected in the D = SIGN() functional form of Model 3.  

As such, Model 3 is compatible with verstehende sociology, wherein the social agent is 

an understandable being, one among many, with internal experiential processes, who engages in 

social action in a dynamical social system (Fararo 1989, p. 62-70), and is thus accessible by the 

scientific investigator as one who is also a social agent. At this level, Model 3 borders on social 

psychology and is also accessible by the gazes of symbolic interactionism (Hewitt 2000, p.  115-

124, 162-171) and ethnomethodology (Fararo 1989, p. 211).  

There need be no concern that the model focuses on the social agent because that is but 

the first step in carrying out a “coupling procedure and shift[ing] the focus to the generativity of 

social interaction, that is sociological…” (id. 220)   The coupling emerges from the mathematics 

and is also developed by a mathematical approach wherein the proposition system goes macro-

micro-macro as described by Coleman (1990, p. 6-12) and now often called the Coleman boat. 
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Second, it is a commonplace that social agents exert social influences or forces on one 

another. The social influences are represented by the introduction of the weight-times-decision 

wD term into  Model 3, and decisions influence decisions in a network of mutual contingency.  

Third, the decisions D of social agents are comparable arithmetically in Model 3. This 

feature reflects our ability as social agents to perceive agreement and disagreement, conformity 

and deviance. Correspondingly, the decision variable D is constructed and defined to be a binary 

or dichotomous variable with values of +1 and -1 to represent opposite polarities of capacity for 

influence relative to the presence or absence of a specified social action by each social agent. 

Model 3 has deep connections with decision theory and game theory payoff matrices (Luce & 

Raiffa, 1957, p.  12-23, 39-44, 56-105, 114-124, 155-170; Mesterton-Gibbons 1992, p.  xiii-xvi, 

1-16), and social choice theory involving interdependent preferences (Fishburn 1990, p.  121-

127)  However, Model 3 comes with a convenient mathematical form, does not assume rational 

choice, and does facilitate sociological work in areas outside of or not usually connected with 

game theory.   Opposite polarities connect with valence theory and cognitive dissonance theory. 

Model 3 departs from notation typical of earlier linear decision-making models such as 

in economics wherein those models evaluate a linear function as greater than or equal to zero, 

using an inequality symbol (>). (Fishburn 1990, p.  303-312)     The explicit construction of 

variable D as plus one or minus one develops and portrays social forces of opposite polarities. 

Feeding back variable D to the argument of the nonlinear SIGN function valuably introduces 

social content into Model 3 in a manner not only of interest to economic sociologists applying 

concepts of social embeddedness and networks (Zafirovski 2001, p.  2-13; Durlauf 2001), but to 

sociologists generally. 
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Given the explicit binary construction of variable D, comparing a decision Di of one 

social agent with a decision Dj of another agent relative to the specified social action directly 

represents agreement and disagreement (Hollander 1998, Rojas & Howe 2004). When the 

product Di Dj is +1 the two decisions are the same, and when Di Dj is –1, the decisions disagree. 

Conformity and deviance are related to a comparison of the sign of an individual decision D to 

the sign of the mean of decisions D over the population. The network structure of Model 3 

makes it accessible to sociologists of organizations and social networks generally.  

Fourth, social facts as realities sui generis are an emergent property of Model 3 in the 

following sense. Different social facts (type of religious practice, custom of dress, form of 

government, economic modalities) correspond to the respective means of different decisions D 

on pages of Model 3 instead of merely different values of a same decision D. For any one social 

fact, the solution for the mean of all the decisions D over the population is stable for many 

parameter values of the weights w and exogenous variables U. When the mean of the solution 

for all the decisions D is stable, then that solution is relatively independent of entry, exit, and 

change of decision by individuals. This assumes that such entry, exit, or change of decision 

occurs randomly (unorganizedly) over the population of the individuals. Furthermore, the mean 

decision D for the population is substantially offset, and even opposite in sign to the mean of 

decisions D that would occur in the absence of social forces wD if decisions D were equal to 

SIGN(U+N). Accordingly, the mean decision D and indeed the population distribution of D 

itself emerges from Model 3 as a property of the population and its network of mutually 

contingent relationships, and not as a property solely of the individual. This emergent 

sociological property of Model 3 deeply corresponds to the Durkheimian conception of social 

facts as realities sui generis. The offsetting of the mean decision D for the population relative to 
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the mean for individuals with term wD not considered is deeply related to Durkheimian 

cohesion.  

Model 3 is comprehensible to conflict theorists and critical theorists of Yes and No in 

validity claims and power in sociology (Habermas, 1987, p. 58-76, 268-282, 383-403). When 

the mean decision D of society is opposite in sign to the mean for individuals with term wD not 

considered, then individuals are likely to become antagonistic to society, rebellious or anomic, 

and conflict can ensue. Structures of action link individuals to individuals through hierarchical 

networks of influence wD on particular decisions and link models for different decisions. 

Division between groups of the society and collective behavior are portrayed when the weights 

between individuals within groups have the same sign within the groups but opposite sign as 

between individuals or leaders in different opposed groups. Organized social action, indeed 

organized opposition, are reflected in Model 3 when entry, exit, and decision-making by 

individuals are dependent or correlated, such as through substantial presence of broadcasted 

influence wijDj from leader individuals j to many individuals i.  

Fifth, Model 3 has a linear argument U+wD+N that is appealing both from a theoretical 

viewpoint and a methodological viewpoint. Model 3 is appealing theoretically because it is 

parsimonious and lends itself well to theoretical analysis and development with mathematical 

tools widely available to sociologists and other social scientists. Model 3 is appealing 

methodologically because its linear argument is susceptible to linear regression when decision 

means have been observed and recorded from empirical data. A case of this very type is 

analyzed in the work here using data from Camilleri et al.  (1976). Furthermore, the exogenous 

variable U may be any of a linear function of further variables, non-linear function of further 

variables, or logic (Boolean) function of further variables, or mixed function of any of the 
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foregoing functions. Moreover, the decision-making equation D = SIGN(U+wD+N) also lends 

itself well to analysis by types of regression aimed at dichotomous dependent variables such as 

logistic regression and probit regression.  

All these appealing features, however, do depend on empirical verification of Model 3. 

The present work is intended to contribute to such empirical verification. 

 

Specifying the Relationship of Influence Weights to  

Probabilities of Binary Choices  

Appendix D provides a mathematical derivation of a feedback Model 4 equation using 

cumulative inverse function of probability and equivalent to the binary choice Model 3 of 

Equation (9).  

Appendix D shows that U is equal to the SCT Round 1 value of  -C-1(1-x ) .  

Rearranging accordingly, produces an equilibrium Equation (6-D) of that Appendix D: 

 

        w12D2  =   C-1(1 -  x)  -   C-1(1 - y)                                                    (12), (6-D) 

 

Weights are thus related to experimentally-observed probabilities via C-1, which is the 

cumulative inverse probability function of the error N. 

Model 4 is an expression of a dynamical system of a probabilistic or stochastic type 

(Fararo 1987, p. 69-80, 102-7) with a negative feedback control system concept (id., p. 163-

166). Equation (12) is derived by identifying a dynamic equilibrium condition whether it 

produces a time-stabilized point or one that varies over time. Fararo identifies four types of 

theorems about dynamical systems, and Equation (12) appears most nearly analogous to a Fararo 

Type 3 theorem describing “how a stable equilibrium varies with variation in parametric 
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conditions.” (id. 81-90, 109). By contrast, the statistical study of uniform directed graph 

distributions is a less-related methodological subject as described in D. Iacobucci’s statistical 

analysis of single relational networks (in Wasserman & Faust 1994, p. 605-674). 

 

Scaling Generalized Error Probability Density for Different Variances 

 Appendix E shows that scaling the probability density function F(N) for different 

variances does not change the results and that testing does not have to be repeated for merely-

scaled forms of the probability density function. Conveniently, scaling effects cancel out. This 

powerful result of Appendix E permits the conclusions of this thesis to be based on statistical 

tests directed not to particular parameters that scale, but instead to the general type of probability 

density function, such as logistic, Gaussian, bi-modal Gaussian, etc.  

 

Summary 

At the individual level, SIGN Equation (9) Model 3 is subjectively plausible as a 

decision-making model involving weights of influence of varying intensities as well as binary 

decisions D with values +1, -1 related to those weights of influence. This feature is reflected in 

the D = SIGN() functional form of Model 3. 

Social agents exert social influences or forces on one another. The social influences are 

represented by the introduction of the wD term into Model 3 so that decisions influence 

decisions in a network of influence.  

The mean decision D for the population is substantially offset, and even opposite in sign 

to the mean of decisions D that would occur in the absence of social forces wD if decisions D 

were equal to SIGN(U+N), where U is internal motivation of the agent and N is the error term in 
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Model 3. Accordingly, the mean decision D and indeed the population distribution of D itself 

emerges from Model 3 as a property of the population and its network of mutually contingent 

relationships. This emergent sociological property of Model 3 deeply corresponds to the 

Durkheimian conception of social facts as realities sui generis. 

Model 3 has a linear argument  U+wD+N that is appealing both from a theoretical 

viewpoint and a methodological viewpoint. SINT weights are related to experimentally-observed 

decision probabilities of SCT via the cumulative inverse probability function of the error N. 

Conveniently, scaling effects cancel out. Model 3 is expressed in totally probabilistic form as 

Model 4. In this way, a re-formulated link is forged between SINT and SCT. 
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CHAPTER 4 

DEFINITIONS, HYPOTHESES, DATA AND METHODS     

Definition of Terms 

Alphabetically-listed definitions of terms are in Table 1. Table 2 defines symbols used. Tables 1 

and 2 are provided to assist the reader in a general conceptual way without attempting rigor. 

Formulae are included where the definition refers to them. Gujarati (2003, p. 594-615, 869-958) 

provides an introduction to basic statistics, matrix fundamentals, and regression.  

Table 1 

 Definitions of Terms                                                                                                                      _ 

Term                    Definition 

An “argument” of a function is the expression inside the parenthesis used when expressing the 
function. The argument of SIGN(U) is U. “Argument” as used herein is a mathematical concept, 
and does not entail disagreement between social agents. 
 
“Bimodal” means that a probability density distribution has two peaks. 
 
A “binary” decision is a choice between only two alternatives. The alternatives are represented 
by the decision letter D. Decision D is a dependent variable when D is a function of independent 
variables. Let Decision D0 represent a decision of a subject agent given the index number 0. 
Decision Dj represents binary decisions of one or two or more other agents who are given 
different index numbers j=1, 2, etc. The different binary decisions of respective social agents 
then can each be an independent variable that influences another decision as dependent variable. 
The decision D can be +1 or –1. As an independent variable, a decision D is similar to a 
“dummy” variable in being binary (dichotomous). However, in the usual social science practice 
a dummy variable is coded 0 and 1 and not –1 and +1 like decision variables are here. For 
example, let “+1” represent deciding that a first slide is more black than a second slide. Let “–1” 
represent deciding the reverse. The identification of a particular alternative for designation by 
“+1” is specified arbitrarily, and the other alternative is designated “-1.”  Then the arbitrary 
identification is used consistently thereafter. The motivation for focusing on +1, -1 instead of  1 
and 0 as the decision alternatives is to recognize that either of two binary decision choices can 
bring influence to bear on a subject social agent. Using 1 and 0 as decision alternatives suggests   
 
                  (table continues) 
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Table 1 (continued).                                                                                                                       _ 
 
Term                    Definition 
 
that the “0” zero alternative when multiplied by a weight brings no influence to bear at   
all. The +1, -1 convention here is motivated by convenience and mathematical simplicity, but is 
not mandatory. 
 
A “cumulative probability distribution” C(N) is represented by a graph having a horizontal x-
axis for different possible values of a random variable N, and a vertical y-axis for probabilities 
of occurrence of any value of that random variable N less than a given x-axis value. The 
cumulative probability distribution of any random variable rises from probability value zero (0) 
to probability value one (1) when viewed from left to right. The entire cumulative probability 
curve lies in a horizontal band extending horizontally all across the graph and having unit 
vertical height from p= 0 to 1. The cumulative probability distribution of either the logistic or 
Gaussian (normal) (see next page) distribution looks like a horizontally spread-out “S” on the 
graph. 
 
A “cumulative inverse function of probability” C-1(p) is the inverse of the cumulative probability 
distribution p=C(N) graphed with the horizontal x-axis and vertical y-axis reversed or 
interchanged with each other (cf. Gujarati 2003, p.  609, 614). In other words, the random 
variable N is on the vertical y-axis and the probability p is on the horizontal x-axis. Compared to 
cumulative probability distribution p = C(N) of the previous paragraph, function C-1(p) returns a 
value of weight of influence as a function of probability p itself. To graph the cumulative inverse 
function C-1(p), the cumulative probability distribution curve p = C(N) is transposed so that the 
entire graphical curve C-1(p)is situated in a vertical band or region on the graph  having unit 
horizontal width (p= 0 to 1). The cumulative inverse function C-1(p) of probability p 
corresponding to the logistic probability density distribution is expressed in algebra by C-1(p) = 
log[p/(1-p)]. 
 
A “cumulative Gaussian inverse function of probability” C-1(p) is a cumulative inverse function 
of probability generated by transposing the x and y axes of the S-curve of cumulative probability 
distribution pertaining to the normal (bell-curve) probability density distribution. Unlike the 
logistic example of the previous paragraph, the cumulative Gaussian inverse function of 
probability is not readily expressible in algebra. 
 
A “cumulative multi-modal Gaussian inverse function” C-1(p) is a cumulative inverse function 
of probability generated by transposing the x and y axes of the S-curve of cumulative probability 
distribution pertaining to either a bimodal probability density distribution having two normal-
curve (bell-shaped) components or a tri-modal probability density distribution further having a 
normal (bell-shaped) component centered between the two normal components just mentioned. 
Unlike the logistic example two paragraphs above, a cumulative multi-modal Gaussian inverse 
function of probability is not readily expressible in algebra.  
 
                  (table continues) 
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Table 1 (continued).                                                                                                                       _ 
 
Term                    Definition 
 
“Disagreement” between social agents means the state of their choices being different as to the 
same binary decision. Disagreement between social agents i and j is specifically represented by 
the product (or interaction term) DiDj = -1, and agreement between them is represented by DiDj = 
+1. 
 
“Influence,” “social influence,” and “decisional influence” are similar in meaning here. 
“Influence” and “social influence” both refer to the sociological phenomenon in general that a 
decision of one social agent can affect the decision of another social agent regardless of whether 
the decision is represented as an interval variable, a binary variable or as a probability. 
“Decisional influence” is used somewhat more specifically to refer to influence expressed 
quantitatively and caused by a decision of one social agent. Even more specifically, “decisional 
influence” refers to the product WijDj of a binary decision Dj times a weight Wij.  
 
An “integral” is the process of finding the area under the curve drawn on a graph. For example 
the cumulative probability distribution for a variable is the integral of the probability density 

distribution of that variable. The integral is represented by an “ ∫ “ sign placed to the left of 

whatever is integrated. 
 
“Linear” means a sum of products of independent variables times  respective constants, without 
any variable being multiplied by another variable (no interaction terms). There are no variables 
multiplied by other variables nor variables multiplied by themselves. When influence is linear, 
then the overall influence upon a subject agent of first and second other social agents taken 
together is simply the arithmetic sum of the influence that the first social agent has individually 
plus the influence that the second social agent has individually. In a linear situation, to express it 
by a numerical metaphor, “one plus one does not equal three.” Instead, “one plus one equals 
two, exactly,” in a linear situation. The sum Σ WijDj is linear in the decision variables Dj where 
the weights are constant coefficients (multipliers). 
 
A “log” or “logarithm” of a variable value is the power or exponent of a base number such as 10 
such that 10 raised to that exponent equals the variable value. The log of 100 is 2. The log of 10 
is 1. The log of 1 is zero. The log of 1/10 is –1. The log of  1/100 is –2. If a variable only ranges 
from 0 to any positive number, it can be spread out to all negative and positive numbers using 
the log of that variable instead. 
 
 
A “log-odds” is the logarithm of the odds of something happening, given by log[p/(1-p)]. 
 
“Logistic transformation” of a probability p means taking the log-odds. See “Transformation.”  
 
                  (table continues) 
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Table 1 (continued).                                                                                                                       _ 
 
Term                    Definition 
 
“Matrix” means a table of rows and columns of numbers. Adding or subtracting two matrices 
(that each have equal numbers of rows and each have equal numbers of columns) means adding 
or subtracting all the correspondingly-positioned cell entries. A matrix can be multiplied by a 
first vector to produce a product vector wherein each cell entry in the product vector is the sum 
of products of the respective values in a different row of the vector times the corresponding 
numbers in the first vector. A diagonal matrix has all-zero entries everywhere in the matrix 
except for values on the main diagonal (from upper left to lower right). The identity matrix I is a 
diagonal matrix with all ones down the main diagonal. 
 
“Mode” means the most frequently occurring value of a variable. In the context of a probability 
density distribution it means the value of a variable on the x-axis beneath the peak of a single-
peaked probability curve. 
 
“Multi-modal” means that a probability density distribution has two or more peaks.  
 
“Non-linear” refers to a quantitative expression that is not linear. When 1 + 1 is more or less 
than 2, so to speak, the situation is nonlinear. In general, linear expressions are more 
parsimonious, or desirable for theory purposes, than nonlinear expressions. Quantitative 
reasoning based on linear expressions is often simpler and more useful for practical purposes. 
Also, quantitative reasoning based on linear expressions is more likely to benefit from a 
mathematician’s tool-kit of techniques and theorems that can deliver interesting results. Analysis 
of decision-making by two or more social agents can be described by respective decision 
equations for each of them. When the decision equations have linear arguments of the SIGN 
functions, all the decision equations together can be more readily represented by one matrix 
SIGN equation. The one matrix equation is not only simpler to consider when it is linear, but 
also a variety of matrix theorems and techniques can be used to work with it. 
 
An “odds” is the probability of something happening divided by the probability of the same 
thing not happening. For example, one-to-one odds, or 50-50 odds means that the probability of 
something happening is .5 and not happening is .5. The odds is 1, or 1:1, where the colon “:” 
means “divided by.”  1:3 odds (odds = 0.33) means the chances of something not happening are 
three times as much as of happening.  
 
A “probability” is a number between 0 and 1 (or between 0% and 100%) that expresses how 
probable it is that a given defined event will occur. For instance, the probability of a yes/no 
decision being a yes is measured by observing the decision being made under identical 
conditions in, for example, 100 instances. If the decision is yes in 30 of the 100 and No the other 
70 times, then the estimated probability of yes is 30/100 or p=.3.  
 
                  (table continues) 
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Table 1 (continued).                                                                                                                       _ 
 
Term                    Definition 
 
A “probability density distribution” F(N) is represented by a graph like Figure 6 having a 
horizontal x-axis for different possible values of a random variable N, and a vertical y-axis for 
probabilities p of each particular possible value of that variable occurring. The graph has a 
curve, such as a normal bell curve that portrays a particular distribution. A logistic probability 
density distribution is bell-shaped but with less-rapidly descending tails than the normal 
(Gaussian) distribution. 
 
“Product” means the result of a multiplication in arithmetic or algebra. The algebraic expression 
WijDj is the product of a decision Dj times a weight Wij . 
 
A “regression line” is a line that best-approximates or predicts data on a scatterpolot. A scatter 
plot has a regression line drawn through the cloud of points to show a predicted relationship of a 
dependent variable to an independent variable. 
 
A “regression” is a computational procedure of finding a mathematical expression that that best-
approximates or predicts the data based on pre-defined criteria of approximation such as least-
sum-of-squares of departure of the data from the respective predictions made by the 
mathematical expression.  
 
A “scatter plot” is a graph comprised of a multiple plotted points based on data. The position of 
each plotted point is defined by two position coordinates (for horizontal and vertical position). In 
this project, the coordinates of one point correspond to amounts of influence exerted on a subject 
agent for one and two other agents respectively. Multiple points correspond to different 
experimental conditions of relative social status or expectation states of subject compared to the 
others.  
 
A “SIGN” function such as in the equation Di = SIGN(U+WijDj) means that when the value of 
the expression inside the parenthesis is computed, then the SIGN function is +1 if the value is 
positive or zero, and the SIGN function is –1 if the value is negative. The SIGN function 
provides a useful means of representing the relationship of a binary decision dependent variable 
to one or more independent variables. The independent variables in the SIGN argument combine 
to produce numbers other than +1 and –1. So the SIGN function converts the argument to +1 or 
–1.  
 
                  (table continues) 
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Table 1 (continued).                                                                                                                       _ 
 
Term                    Definition 
 
A “transformation” is a way of representing one set of numbers by mapping them over into 
another set of numbers. For example, the logistic transformation of probability p in effect 
represents probability numbers that can only be between 0 and 1 by mapping them over into 
numbers that can range from any negative value through zero to any positive value. The logistic 
transformation has two steps. The first step maps the probability into odds, which can range  
from zero to any positive number, by taking the ratio p/(1-p). The second step maps the odds 
into the log-odds, which can range over all negative and positive values, by taking the log 
according to the mapping equation, or “function” y = log[p/(1-p)]. 
 
“Tri-modal” means that a probability density distribution has three peaks.  
 
“U” represents the composite effect on decision-making by a social agent resulting from 
influences other than products of decision variables times weights. For example, “U” can result 
from bodily urges and needs, personal inclinations, interests and desires, and reasoning and other 
processing of perceptions in light of any of the foregoing. Variable U is an independent variable 
that can have positive or negative values and may in turn be expressed as a linear or nonlinear 
function of still other independent variables. 
 
“Uni-modal” means that a probability density distribution has one peak. 
 
“Vector” means a list of numbers in one row or one column. 
 
A “weight” is a number that when multiplied by the +1 or –1 decision choice of a social agent 
represents a quantitatively formulated amount of social influence contributed by the social agent 
upon the decision process of a subject social agent. 
_____________________________________________________________________________ 
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Table 2 

 Glossary of  Symbols                                                                                                                     _ 

Symbol                    Definition 

C(N)  Cumulative probability distribution of error N, integral of F(N). 
C-1(p)   Cumulative inverse function of probability. Could be logistic, Gaussian, etc.  
             The logistic transformation of probability is a special case of a cumulative  
              inverse function C-1(p)   = ln[p/(1-p)]. 
D      Binary decision of a social agent. Subscript index identifies which social agent. 
F(N)  Probability density distribution of error N, calculus derivative of C(N) 
 i, j     Index to identify different social agents 0, 1, 2, …  
k       Scaling factor of a variable. Scaling cancels out for scatterplot and  
              regression analysis here.  
OLS  Ordinary Least Squares regression 
p       Probability 
P(S)    Stay probability of subject staying with a binary decision choice. 
PS1     Stay probability when subject is confronted with one disagreeing other agent. 
PS2     Stay probability when subject is confronted with two other agents who 
             both disagree with subject.  
r          Rate 

∫       integral—an infinite sum of products as used in calculus  

SCT    Status characteristics theory 
SIGN  Function that transforms an argument variable into one of two values of a  
           binary dependent variable, such as decision D. 
SINT  Social influence network theory 
U       Internal motivation or bias of subject.  
W      Weight of influence matrix in Model 1. 
w      Weight of influence matrix in Models 2-4. 
W      Weight of influence value calculated from stay probability 
W1    Weight of influence calculated from stay probability PS1 
W2    Weight of influence calculated from stay probability PS2 
x        Initial response probability that subject alone would pick a particular decision alternative 
         in SCT experiment. 
x-axis   Horizontal axis in a graph. Do not confuse with initial response probability x. 
y          Interval decision variable in SINT. 
y-axis   Vertical axis on a graph. Do not confuse with Interval decision variable y.  
Bold:   Font used for vectors (lists of variables or values)  
            and matrices (tables of variables or values)  
 
____________________________________________________________________________ 
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Research Variables and Measurement 

Stay probability PS1 is the average of stay/change decision D values in each case of an 

experimental subject confronted with one disagreeing other agent. The choice is to stay (D=+1) 

with an initial decision (black/white) or to change (D=-1) from the initial decision. 

Stay probability PS2 is the average of stay/change decision D values in each case of an 

experimental subject confronted with two other agents who both disagree with subject. In 

general, PS2 is less than PS1 due to the additional social influence of the other agents against the 

subject staying. 

Research Hypotheses 

The research hypothesis H1 of this thesis is: After a subject makes an initial decision, social 

influence from multiple social agents accumulates in weight in a positive and linear fashion to 

determine the probability of a repeated subject decision provided the quantitative measure of 

weight is based on a cumulative Gaussian inverse function of that probability. 

 

Table 3 

Research Hypotheses about Weights                                                                                              _ 

 H1:  Cumulative Inverse Gaussian (normal) 

H2:  Bayesian –ln(P(S)) with no intercept 

H3:  Negative log –ln(P(S)) with negative intercept 

             (derived from Lindenberg, 1981) 

H4: Logistic   (Hollander, 2003) 

              -ln[(1-xPs(x))/(1-(1-x)Ps(1-x))] 

H5:  Cumulative Inverse Bi-Modal Gaussian 

H6:  Cumulative Inverse Tri-Modal Gaussian 

_____________________________________________________________________________ 
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Published Data Used for this Secondary Analysis 

  Weight of influence for purposes of this study is derived from the stay probabilities PS1 

and PS2 that the subject agent, after being exposed to disagreement by one or two other agents 

in the second round , stays with the first-round decision. 

Weight of influence W is derived from each stay probability by regarding the stay 

probability as related to the value of a cumulative probability distribution as a function of weight 

of influence. Then the weight of influence is derived from observed stay probability by using the 

cumulative probability distribution in reverse. In other words, the weight of influence value is 

given by the cumulative inverse function of probability. That function is applied to the 

probability value to yield the weight value. 

In an experiment of Camilleri et al.  (1976), the stay probability was estimated by 

repeating the experiment many times with different subject agents, holding constant the status of 

the other agents who disagreed with the subject agents. The probability value was determined by 

dividing the frequency of one type of choice in the binary decision by the number of trials under 

a given experimental condition.  

As illustrated in Figure 7, each weight of influence value is determined here by applying 

a cumulative inverse function that depends on the probability density distribution to which the 

cumulative inverse function pertains.  

 The experiment was repeated for a total of eight (8) different experimental conditions 

that varied the expectation states or status of the subject relative to each other agent. The 

resulting data for stay probabilities PS1 and PS2 reported by Camilleri et al.  (1976) are 

tabulated in Table 4.  
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Table 4 

 Reported Data Used for This Secondary Analysis: Stay Probabilities Experimentally  

Observed by Camilleri et al.  

____________________________________________________________________________ 

 

       1 Other Agent         2 Other Agents 

     PS1     N    (2 S.D.)         PS2     N    (2 S.D.) 

     .82      30    .143          .79     20    .187 

     .73      32    .159          .63     20    .222 

     .73      33    .157          .59     21    .220 

     .71      37    .151          .40     21    .219 

     .60      31    .179          .25     20    .199 

     .52      30       .186          .30     20    .210 

     .43      35    .170          .11     21    .140  

     .24      31    .156          .02     23    .060 

_____________________________________________________________________________ 

Adapted from “Decisionmaking And Social Influence: A Revised Model And Further Experimental 

Evidence,” by S.F. Camilleri and T.L. Conner, 1976, Sociometry, 39(1), p. 33.  

2 S.E. computed here as 2 )1/())(1)(( −− NSPSP  as sample from Bernoulli distribution. 
Note that PS2 has unrealizable lower bound (PS2 - 2SE) for PS2 values of .11 and .02. 

 

The process of estimating stay probability values that evidently was used by Camilleri et 

al.  (1976) is the same as estimating the sample mean, or average of samples from, a binary 

probability density distribution (also called the Bernoulli distribution). By the central limit 

theorem, the sample means of any probability density distribution are distributed approximately 

normally (i.e., according to the normal distribution, also called the Gaussian distribution), and 

asymptotically, meaning the approximation improves with increasing sample size. Table 4 

shows the sample sizes reported by Camilleri et al.  (1976) range from 20 to 37. By the Central 
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Limit Theorem, the sample means of the samples obtained by the Camilleri et al.  (1976) 

experiment are also distributed approximately according to the normal distribution. This 

reasoning constitutes a substantial basis for regarding error N as distributed according to the 

Gaussian distribution rather than the logistic distribution of Equation (9). 

The cumulative inverse function based on the logistic distribution was used instead of the 

normal distribution in my earlier work (Hollander, 2003) on binary choice. In hindsight, this was 

because a simple and familiar mathematical expression ln[p/(1-p)] could be used to express the 

cumulative inverse function, where p is a probability. By contrast, the cumulative inverse 

function of probability based on the Gaussian distribution does not have a simple mathematical 

expression. 

 

Published Sample and Research Design 

According to Camilleri et al.  (1976, p. 31), the experiment involved binary choices wherein  

…each choice was made in two steps. The subjects were shown slides presenting 
two alternatives and were instructed to make a provisional independent decision 
between the alternatives. After each had made his provisional choice, he was told 
whether his partner’s provisional choice was the same or in disagreement. The 
subject was instructed to take this information into account…that they would be 
scored…after completing the entire series of trials…The critical behavior…was 
whether a subject who found that he and his partner had made disagreeing 
provisional choices would stay with his original choice in making the final 
choice…or would change to the other…The latter behavior was taken as evidence 
that he had been influenced by his partner…[B]y intervention of the 
experimenter, disagreement occurred on every trial in some conditions or nearly 
every trial in others. The basic data for each subject consisted of the proportion of 
these disagreeing trials in which he did not change his choice from the 
provisional to the final choice. 
 
Subjects made these choices under different experimental conditions, which were 
determined by the combination of abilities possessed by the pair of subjects 
purportedly relevant to the stimulus and by the structural arrangement imposed 
upon them by the experimenter. These conditions specified whether the final 
choice of one of them (the team “Decision-maker”) would be taken as the final 
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choice for the pair (in which case the other subject served as an “Advisor”)… 
Four ability combinations were created by the experimenter in a first phase 
manipulation involving deceptive information. These combinations were:  “high” 
self—“high” other [++];“high” self—“low” other  
[+-];“low” self—“high” other [-+];“low” self—“low” other [--]…The 
combination of these four expectation states with the… structural conditions 
(Full-, …No-control) determined…experimental conditions. 
 
…[W]e added to the two-person team a third member who duplicated the ability 
state and, where possible, the control position of the other subject in the pair 
teams….For example, the extension of a [+-] pair with the high person as a 
Decision-maker is a [+--] triplet with the high person as a Decision-maker and 
two Advisors. In the pair cases where the subject was the Advisor to a Decision-
maker, the triplicate extension was made by adding a second Advisor with the 
ability state of the Decision-maker…We report…the results of eight experiments 
determined by the combination of four expectation states and two structural 
conditions (Decision-maker with full control and Advisor with no control).  
 
…We discovered in a pretest…that the suspicion rate was prohibitively high 
(about fifty percent) when we used twenty continuous disagreeing trials, so we 
reverted to the procedure of twenty-two disagreeing trials with three interspersed 
agreeing trials. The suspicion rate in these experiments dropped to about thirty 
per cent, a rate fairly consistent with our previous experiments. The results 
reported here are based only on the mixed-trial subjects. 

 
 
 The stay probability results of the two and three person experiments are tabulated in 

Table 4. For conciseness, Table 4 omits the published tabulation of the expectation states and 

structural conditions associated with the stay probability data.  

For purposes of this project, the experimental conditions serve to vary the magnitude of 

weight of influence exerted on the subject. No attempt is made here to predict the stay 

probabilities for the single other agent case from a utility theory as in Camilleri et al.  (1976) or 

from the Discrimination Model of Lindenberg (1981). For conciseness this thesis omits what 

would otherwise be a lengthy description of each of those approaches for doing so.  
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Instead, this project attempts to predict the stay probabilities for the 3-person (two other 

agents) situation from the stay probability observed in the corresponding 2-person (single other 

agent) situation.  

 

Statistical Procedures  

The methods and techniques of analysis of this study are as follows.  

 Transform stay probability data from a social psychology experiment by Camilleri et al.  

(1976) into a pair of coordinate values of influence by one and two other agents. One pair of the 

coordinate values defines the position of one point on a scatter plot, see Figure 7. In all, eight 

such points on the scatter plot correspond to the eight experimental conditions for which data 

were reported, see Figure 8. In the different regression tests herein, the coordinate values are 

variously determined (from the same eight pairs of stay probabilities PS1 and PS2) by different 

formulations of a theoretic link. Use OLS (Ordinary Least Squares) and Error-in-Variables linear 

regression to test for linearity each of the different formulations about how to transform the 

probabilities into influence values for the coordinates.  

 Specifically, test the research hypothesis H1 by the following 5-step procedure.  

1. Determine the combined weight of influence of two social agents disagreeing with the 

subject agent by applying the cumulative inverse distribution function of the assumed 

distribution of error to the earlier-reported experimentally observed sample means of subject 

agents’ decisions.  

2) In the same way, determine the weight of influence of one of the social agents 

disagreeing with the subject agent by the cumulative inverse function approach.  
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3) Scatter-plot on y-axis the combined weight of influence of two social agents from Step 

1 versus an x-axis variable defined from Step 2 by the weight of influence of one social agent 

disagreeing.  

4) Determine the slope of the regression line through the scatter plot of Step 3. The slope 

should approximate 2.0, within plus-minus two standard errors (S.E.). Perform step 4) using (A) 

OLS regression and (B) error-in-variables regression eivreg in the Stata statistical package.  

5) Reject the research hypothesis if the slope is outside the plus-minus two SE bounds. 

Fail to reject the research hypothesis if the slope is within the plus-minus two SE bounds. 

 

The linearity property that the slope equals 2.0, on which the research hypotheses are 

based, was pre-tested using a cumulative inverse function based on the logistic distribution, 

instead of a normal distribution. The slope did not approximate 2.0 and was outside of the plus-

minus two SE range. Accordingly, one or both of two things should be rejected as in error: either 

the supposition that 1) the slope equals 2.0, or that 2) the inverse function is based on the logistic 

distribution.  

 Before rejecting the supposition that the slope is 2.0, I decided to test the research 

hypothesis that slope is 2.0 but using a cumulative inverse function based on the normal 

distribution. 
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Figure 8.  Scatter plot of influence of two other agents disagreeing with subject agent versus 

influence of one other agent disagreeing, with weight  w1 on vertical axis and doubled for 

clarity. 
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Testing the Form of the Error Distribution  

From Equation (12) write the weight equation  

 

W    =   C-1(1-xPs(x)) - C-1(1-x) .                                                                              (13) 

 

Two eight-row columns of the quantity 1-xPs(x) were computed as unity minus .5 times 

eight stay probabilities P(S) for both the One-Other (Binary) cases and eight stay probabilities 

P(S) for the Two-Other (Ternary) cases of Camilleri et al.  (1976). The quantity -C-1(1-x) was set 

equal to zero given that x = .5.  

The inverse function of various cumulative probability distributions was applied to  

probability expressions 1-x PS1 and 1 – x PS2. These probability expressions are slightly 

different from the approach in Gujarati (2003, p. 608-615) because the error (noise N) from 

which the probabilities arise was assumed to pertain in this work to the subject agent, rather than 

to the experimentally-uniform weight W of influence applied by the disagreeing social agent(s) 

that established the decision threshold in Figure 6. By contrast, Gujarati gave a home-buying 

decision example wherein income of the home buyer was measured without error, and the 

threshold of utility for home-buying had the probability distribution. Either approach can be 

mathematically formulated in the converse way. 

The inverse function was computationally applied by using an Excel spreadsheet, first, to 

compute a column of several hundred values of the cumulative probability distribution C(N) 

corresponding to a column of values of random variable N incremented in steps of 0.01. The 

cumulative probability distribution for the Gaussian distribution was directly available from 
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Excel. Bimodal and tri-modal Gaussian distributions were obtained by spreadsheet summing of 

additional columns previously prepared for the multiple-Gaussian distribution components. The 

cumulative inverse function was obtained by, first, inspecting the spreadsheet to visually locate a 

tabulated value closest to each value of 1-xPs(x) and, second, reading to the nearest 0.01 unit (or 

interpolating to nearest 0.001) in an adjacent row of random variable N corresponding to the 

just-located tabulated value C(N) = 1-xPs(x). Thus, the read-off value W = C-1(1-xPs(x)) is 

determined see Figures 6 and 7.  

Since the inverse of the cumulative logistic distribution is available in closed form  

C-1(1-xPs(x)) =  ln[xPs(x)/(1-xPs(x)], it was simply computed in SPSS and the regression was 

run on SPSS. Also, the inverse of the cumulative Gaussian distribution is available in the 

Intercooled Stata 9 ™ statistical package as the INVNORMAL() function. Accordingly, the 

regression for the Gaussian distribution was also performed using that Stata package, and the 

results were essentially the same.  

Next, for each of the different types of cumulative distribution, the inverses C-1(1-xPs(x)) 

for One-Other (Binary) PS1 data and Two-Other (Ternary) PS2 data were tabulated as two 

columns of eight rows, and transferred to SPSS as a manually copied and entered data set. 

Finally, linear regression of the Two-Other (Ternary) versus One-Other (Binary) was then 

performed on SPSS for each case. 

 

Summary 

 An analytical multi-step procedure as described in this Chapter 4 and depicted in    

Figure 7 was applied to the stay probability data of Table 4 reported in Camilleri et al.  (1976). 

The cumulative inverse function C-1() was either 1) computed  directly in SPSS or in Intercooled 



 58 

Stata 9 or 2) was obtained by use of a spreadsheet. The spreadsheet procedure computed the 

cumulative distribution function C(N) by Excel spreadsheet as a column of probability p values. 

Then a particular probability value of the C-1(p) argument was inverted by consulting the 

spreadsheet column of probability values and reading off the one row value corresponding to the 

particular probability value to be inverted. The result of the cumulative inverse distribution 

function is a weight value W. The weight value W is called W1 if obtained as a function of 

reported stay probability PS1, and W2 if a function of PS2. Weight values thus obtained were  

used to produce a computed data set tabulating the coordinates (W1, W2) for the resulting points 

for the scatterplot. Then regression was performed by OLS regression on SPSS, and by OLS and 

Error-in-Variables regression on Intercooled Stata 9, on the computed data set to yield estimated 

slope, intercept, and standard error bounds. 
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CHAPTER 5  

FINDINGS 

The findings of this chapter are subject to qualification described in the Limitations 

section of Chapter 6. OLS regression is used for all the hypotheses, and error-in-variables 

regression is used on the Gaussian-based hypothesis. Appendix H considers error-in-variable 

departure from the OLS regression assumption of perfectly-known independent variable. 

Appendix I considers possible heteroscedastic departure from the OLS regression assumption of 

homoscedasticity. If further analysis were to show that the 8-point experimental data used, and 

the OLS regression-based findings, are insufficient to support the conclusions derived from OLS 

regression herein, this work nevertheless makes a contribution. This work contributes a 

mathematical analysis approach involving the cumulative inverse function and lays out the 

statistical procedures and considerations that appear necessary and advisable to study the 

research hypotheses even if more experimental data and more regression testing be needed. 

Refer to Table 6. When the logistic distribution was tested with OLS regression, the 

slope was 2.493, R2 = .968, p<.001 on the regression slope relative to slope zero, S.E.= 0.185. 

Also, the slope 2.493 was well outside 2-Standard-Error bounds of the theoretical slope of 2.0. 

Regressing with values of x from .5 to .6, as if first-round probability x had been in error, did not 

change the result. Accordingly, the Null Hypothesis of this paper that the logistic distribution 

applies, is rejected. 

When the zero-mean unimodal Gaussian distribution N(0,s) was tested by OLS 

regression on N(0, s.d. 0.8), the slope was 2.043, R2=.954, S.E.=0.184, well inside the 2-

Standard-Error bounds and closely approximating the theoretical slope of 2.0. Because of the 
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scaling considerations, the standard deviation s is irrelevant. The discrepancy between the slope 

assuming the Gaussian distribution versus the logistic distribution is qualitatively consistent with 

the discussion in Gujarati (2003, p. 614-615).  

Using the Gaussian distribution is conceptually more attractive than using the logistic 

distribution because the central limit theorem is applicable to the averaging process that 

produced the probability estimates in the original experimental data. (The Central Limit 

Theorem is a basic theorem in statistics that elegantly holds that the distribution of sample 

means from any population tends with increasing sample size toward the Gaussian distribution, 

regardless of the shape of the population distribution.)  The Gaussian distribution is also more 

attractive because the observed regression slope associated with that distribution is consistent 

with a decision-making model with a linear argument of the SIGN function, and thus is more 

parsimonious. Accordingly, the Gaussian distribution with zero-mean is adopted as the new null 

hypothesis for future work. Furthermore, all weights are in the future preferably expressed as 

values assuming a Gaussian distribution N(0,1) with standard deviation of unity for reference 

purposes between actors.  

However, the fact that the unimodal Gaussian distribution was not rejected does not 

eliminate other distributions from consideration. When the bi-modal Gaussian distribution  

0.5N(+/- .5, s.d.0.7) was tested with OLS regression, the slope was 2.012, R2=.955, S.E.=0.178.  

When a tri-modal Gaussian distribution aN(0,s) + 0.5(1-a) N(+/-c, sd) was tested, the 

OLS regression slope was 1.966, R2=.916, S.E.=0.243 for values of  central Gaussian component 

factor a = 0.4, and central Gaussian component standard deviation s=0.5, bimodal Gaussian 

component means +/-c = +/-1.5 , and each bimodal Gaussian component sd =  1.  
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Theoretically, the contribution from a bimodal Gaussian distribution either alone or with 

a central Gaussian distribution to be tri-modal, is intriguing and cannot be dismissed at this time 

on a priori grounds. It is possible that each social actor re-considers both alternatives 

(white/black) and second-guesses the first distribution when the one or two disagreeing others 

are introduced on the second round of the SCT experiment. Both alternatives would be fed back 

to the social actor from the social actor’s self with a self-weight that is normally distributed 

around some group mean. That feedback dynamic could conceivably produce the bimodal 

Gaussian distribution either by itself or together with a zero-mean Gaussian component to 

produce a tri-modal Gaussian distribution. Although the bimodal Gaussian component is 

regarded as somewhat disfavored here as detracting from parsimony, it is not yet rejected on 

experimental grounds.  

  

Results of Regressions 

Using the cumulative inverse Gaussian distribution, Table 5 tabulates the various weights 

of influence derived from the data of Camilleri et al.  (1976).  

Table 6 compares the regression slopes, intercepts and standard error bounds for various 

cumulative inverse functions tested in this project. Table 6 was obtained by the procedures 

described above. Only the cumulative inverse Gaussian distribution was fully satisfactory on 

OLS-regression-based statistical grounds and parsimony. 
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Table 5 

Influence Weights Computed From the Reported Data and Gaussian Error Distribution 

 

     1 Other Agent                   2 Other Agents 

    PS1~    Imputed+ W1         PS2~   Imputed++ W2    

     .82      0.228           .79     0.266 

     .73      0.345             .63     0.482 

     .73      0.345               .59     0.539 

     .71      0.372                    .40     0.842 

     .60      0.524                    .25     1.150 

     .52      0.643                    .30     1.036 

     .43      0.789                    .11     1.598  

     .24      1.175                    .02     2.326 

_____________________________________________________________________________ 

~ PS1, PS2 adapted from “Decisionmaking And Social Influence: A Revised Model And Further 

Experimental Evidence,” by S.F. Camilleri and T.L. Conner, 1976, Sociometry, 39(1), p. 33.  

 
+ Imputed Weight W1 = C-1(1-.5PS1) based on cumulative inverse Gaussian function. 
++ Imputed Weight W2 = C-1(1-.5PS2) based on cumulative inverse Gaussian function. 
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Table 6 

Regression Slopes, Intercepts and Standard Error Bounds Based on Influence Weights 

 and Error Distributions 

 
     Cumulative Inverse Function Type                               Regression Estimates 
 
                                                                                  Slope (S.E.)       Intercept (S.E.) 
 
H1: Cumulative inverse Gaussian (normal)        2.043***(.184)   
 
                                                                               2.122***(.179)^    .143       (.112)^ 
 
H2: Bayesian  -ln(P(S)) with no intercept             2.952*** (.203)    -.343*** (.140) 
 
H3:  Negative log with intercept -.05 
    (derived from Lindenberg, 1981)             2.952*** (.203)   -.343*** (.140) 
 
H4: Logistic   
    -ln[(1-xPs(x))/(1-(1-x)Ps(1-x))]  
     (Hollander, 2003)                                             2.493*** (.185) 
  
H5: Cumulative inverse  
       Bi-modal Gaussian distribution   
        0.5N(+/- .5, s.d.0.7)                                       2.012*** (.178)      
  
H6: Cumulative inverse Tri-modal Gaussian 
       aN(0,s) + 0.5(1-a) N(+/-c, sd) for values  
       of  central Gaussian component  
       factor a = 0.4, and central Gaussian  
       component standard deviation s=0.5,  
       bimodal Gaussian component means  
           +/-c = +/-1.5 , and each bimodal  
       Gaussian component sd =  1.                          1.966*** (.243)  
_____________________________________________________________________________ 
*** p<.001 relative to slope zero 

^     Error-in-variables regression (eivreg, Stata). All other tabulated values are OLS. 

 



 64 

 

Hypothesis Testing Results  

Regression Testing Of Negative Log Approach and Bayesian Approach 

Using the negative log approach, the weights WPS1 and WPS2 are computed by taking 

the negative of logarithms of PS1 and PS2. See scatterplot of Figure 9. Then Weight WPS2 is 

regressed on Weight WPS1. If either the negative log approach of Appendix F or Bayesian-

based approach of Appendix G is correct, the regression slope should be 2.0 within statistical 

error. 

 However, when this regression was performed, the negative log and Bayesian-based 

regression slope was 2.952 with S.E. = 0.203 at p<.001. The lower end of the 95% confidence 

interval was 2.455, which is substantially higher than the Bayesian-based slope of 2.00. The 

intercept was -.343 with S.E.=0.140 (upper end of 95% confidence interval on the intercept was 

-.001). (The intercept of  -.05 predicted in Appendix F for the negative log approach was barely 

included at the upper end of the 95% confidence limits on the intercept. The intercept of zero (0) 

predicted in Appendix G for the Bayesian-based approach was barely outside the upper end  

( -.001) of the 95 confidence limits on the intercept). The Pearson correlation between WPS2 

and WPS1 was 0.986 and R-square was .972. 
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BAYESIAN-BASED WEIGHTS ON SUBJECT AG

WEIGHT 2 PERSONS DISAGREE -LN(PS2)

WEIGHT 1 PERSON DISAGREES LN(PS1)
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Figure 9.  Bayesian-based weights of influence on subject agent, where WPS2 is weight when 

two other agents disagree with subject, and WPS1 is weight when one other agent disagrees with 

subject. 

 

In summary, I considered a negative log approach and a Bayesian-based derivation of 

weight for two persons disagreeing with subject agent that would predict a slope of 2.0, 

compared with the negative log and Bayesian-based weight for one person disagreeing with 

subject. When such weights computed from the Camilleri et al.  (1976) data are OLS regression-

analyzed, the observed regression slope is far from reaching 2.0 and the intercept predictions are 

doubtful.  

 Consequently, I reject, first, the hypothesis that this negative log-based derivation of 

weights is supported by the data and reject, second, the hypothesis that the Bayesian-based 

derivation of weights is supported by the data. 
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Regression Testing of Cumulative Inverse Gaussian Function of Stay Probability 

Weight of influence was found to accumulate linearly provided the quantitative measure 

of weight is reformulated as a cumulative inverse Gaussian function of  stay probability. 

Statistical analysis of the OLS regression results rejected an earlier logistic formulation 

(Hollander, 2003) and both a negative log and Bayesian-based formulation. The statistical 

analysis failed to reject the research hypothesis H1 that the slope is 2.0 when the cumulative 

inverse function of probability is based on the Gaussian (normal) distribution or certain multi-

modal Gaussian distributions as described in the findings.  

 When the research hypothesis H1 was OLS-regression-tested using a cumulative inverse 

function based on the Gaussian (normal) distribution, the slope indeed approximates 2.0 and was 

well inside the plus-minus two SE range. Therefore, a main finding of this work is: Accept the 

research hypothesis H1 that the slope is 2.0 and the cumulative inverse function is based on the 

Gaussian (normal) distribution. 

Recall that the cumulative inverse function might be based on any of a set of 

distributions of which the normal distribution is but one example. Accordingly, the research 

hypothesis was tested using OLS and error-in-variables regression with cumulative inverse 

functions based on a bimodal distribution having two normal-curve components and on a tri-

modal distribution further having a normal component centered between the two normal 

components just mentioned. The research hypothesis failed to be rejected in both of those cases. 
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Table 7 
 
Results of Hypothesis Testing 
_____________________________________________________________________________ 
 
Cumulative Inverse Function Type                             Research Hypothesis Test Result* 
 
H1: Cumulative inverse Gaussian (normal) Accepted on slope and parsimony 
 
H2: Bayesian  -ln(P(S)) with no intercept Rejected on slope 
 
H3:  Negative log with intercept  
    (derived from Lindenberg, 1981) Rejected on slope 
 
H4: Logistic   (Hollander, 2003) 
    -ln[(1-xPs(x))/(1-(1-x)Ps(1-x))]      Rejected on slope 
 
H5: Cumulative inverse Bi-modal Gaussian Rejected on parsimony, acceptable on 
                                                                                       slope for only some parameter values  
 
H6: Cumulative inverse Tri-modal Gaussian Rejected on parsimony, acceptable on  
                                                                                       slope for only some parameter values 
_____________________________________________________________________________ 
*8-points, OLS Regression. 

 

 
 

Summary  

          When the scope conditions of SCT and SINT are both met, this work shows how to derive 

SINT weights from SCT considerations. When the error distribution is assumed Gaussian, the 

slope of the weights for two others regressed on the weights for one other closely approximates 

the theoretically predicted value of 2.0. When the error distribution is assumed logistic, the OLS 

regression slope of the weights based on 8 scatterplot points is outside 2 standard error (S.E.) 

bounds from the predicted value of 2.0, so the logistic distribution is rejected.  
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CHAPTER 6 

DISCUSSION AND CONCLUSION                

Study Implications in the Context of Social Theory 

 The approach and method of parts of this work relate to a theory structure that parallels a 

mathematical axiomatics applied in a probabilistic setting, as described by Fararo (1989, p. 16-

24). I also describe implications of this work for sociological theory involving non-mathematical 

instrumentalist meaning hierarchy wherein the “mathematical axiomatics will be embedded 

within it as a desirable but not essential feature of a structure of theory.” (id., p.  24-31, quoted at 

26) 

 From the standpoint of theory in social psychology, notice that the exogenous variable U 

may be any of a linear function of further variables, non-linear function of further variables, or 

logic (Boolean) function of further variables, or mixed function of any of the foregoing 

functions. Developing models wherein the exogenous variable U and the weights are functions 

of variables pertaining to cognition and intellectual reasoning is an important point of departure 

for theory and research using the models. This work contributes findings and analytical 

procedures useful for the testing of such models. 

 Model 3 has deep connections with game theory payoff matrices, but with a convenient 

mathematical form facilitating sociological work in areas outside of or not usually connected 

with game theory, as noted earlier above and see Fararo (1989, p. 62-68). Developing the 

implications for Model 3 for social network-based economics, econometrics, and economic 

sociology (Zafirovski 2001) is believed to be a potentially fertile theoretical area.  
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 Formulating norms, trust, conformity, deviance, cohesion and anomie in neo-structural-

functional theory using this model and in particular specific situations is a still further area of 

theoretical and empirical research facilitated by this work (Fararo 1989, p. 161-167, 179-197; 

Coleman 1990, p. 91-299). The network structure of Model 3 can be interesting to sociologists 

of business organizations, non-business social and social movement organizations and social 

networks investigators generally (Fararo 1989, p. 90-95; Coleman 1990, p. 325-349).  

 Comprehending in mathematical form cross-cultural interaction in social networks 

challenges Model 3 to handle situations wherein social agents coming from different cultural 

backgrounds assign radically different importance to the same information, decisions and 

circumstances. Indeed, workers in another culture might be unable to distinguish in their culture 

the existence of the choices as different poles of one decision recognizable in their culture. 

Similarly, two different binary-choice decision types as seen by one culture may appear to be 

indistinguishable to another culture or even appear incomprehensible or non-existent in that 

other culture. Also, comprehending development of the cultural contexts and the production of 

the results of cultural background is a significant area of study of this model. Relating different 

decisions and different social facts as realities that influence one another is an important 

generalization of the approach wherein decisions become decision-complexes or pages of Model 

3—vectors and matrices of many interrelated decisions.  

 When the mean decision D of society is opposite in sign to the mean for individuals with 

term wD not considered, then individuals are likely to become antagonistic to society, rebellious 

or anomic, and conflict can ensue. Structures of action link individuals to individuals through 

hierarchical networks of influence wD on particular decisions and link models to models for 
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different decisions. Combining or relating biography and sociology in comprehending historical 

processes can be advanced by the approach of this project.  

 Division between groups of the society is portrayed when the weights between 

individuals within groups have the same sign within the groups but opposite sign as between 

individuals or leaders in different opposed groups. Organized social action, indeed organized 

opposition, are reflected in Model 3 when entry, exit, and decision-making by individuals are 

not independent of one another, because of broadcasted influence wijDj from leader individuals j 

to many individuals i.  

 The models of this project have static and dynamic properties. Therefore, both the statics 

and dynamics of hegemony, oppression, political polarization and conflict can be compared with 

formulations and predictions of the models in studies in conflict theory.  

  

Limitations  

All of the limitations of the project are susceptible of further research that can be 

elaborated. Social science laboratories can further investigate the experimental parts of the 

project. 

 This research project is limited in at least the following ways.  

1. Scope. First, the scope restrictions require both the scope restrictions of the social 

influence network theory and the scope restrictions (e.g., to collective task oriented groups) of 

status characteristics theory.  

2. Specialized Data. Second, the data is highly specialized. The data was derived in a 

university experimental social science laboratory setting. It is limited in historic time, culture, 

and place. This is not only important as a general observation but also because interactions can 
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be expected between the other agent decision variables D1 and D2 in the weight formulas Wij 

due to particulars of other decisions the subject might have been asked to make.   

For example, suppose subject decides No against doing an action as taking too much 

risk, and the two others might offer portions of a means for eliminating the risk, each portion 

insufficient in itself, but both portions together sufficient to eliminate the risk. In the face of just 

one other, the chances of subject staying with the decision No would then be high. But, given 

yes by two others, the chance would be much reduced due to an interaction term D1D2. 

 Moreover, the experiment called upon the subject to make a decision D0 relatively close 

in time after the influences of the one and two other agents were introduced. Suppose the 

weights are a form of memory element by which the subject remembers the influence of an other 

agent. A weight might decrease in magnitude over time as the subject forgets or discounts the 

influence of an other agent. Or a weight might vary in some other fashion depending on 

frequency or duration of influence by other agent(s).  

 However, even if the weights are functions of time the experimental conditions were 

arranged to make the influences equal. There is no reason to think that the weights would 

therefore vary in magnitude over time unequally relative to each other even if the magnitude of 

both weights do vary. Insofar as the different subjects averaged together might have made their 

stay or not-stay decisions at slightly different times after receiving the influence of the other 

agent(s), this would be an element of the experimental error, but not fundamentally alter the 

results.  

 Because the measured weights summed linearly over an 8:1 range of weight magnitudes, 

there is negligible reason to think that the possible existence of time variation would upset the 
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linearity result itself. The caveat here is simply that a more complete model of the subject would 

include information about the time-dependence of the weight magnitudes. 

 Furthermore, the experiment of Camilleri et al.  (1976) offers no information how 

influence by a disagreeing other agent brought to bear on a subject relative to one decision might 

affect subject relative to some other decision at the same time or some other time.  

 Note further that the experimental error played a key role in this analysis, a role that is 

conceptually quite apart from introducing some sort of uncertainty. Specifically, the 

experimental error was essential to obtaining the weights themselves because, without the error, 

the stay probability would not change. For instance, in the absence of error, all subjects that had 

decided yes on Round 1 would decide to stay on Round 2, or all subjects would decide to not-

stay (change) on Round 2. In other words, in the absence of error the stay probability would be 

measured as either 100% or 0%, and nothing in between. No weight values would be 

measurable, even though they exist in Model 3.  

 The significance of this key role of the experimental error, is that the range of 

measurable weights has a ceiling that depends on the spread of the probability density 

distribution of the experimental error. Accordingly, the linearity in combining influence by the 

other agents was only determined over a range. Actually, the data did quite widely span that 

range in which measurement was possible. One data point wherein stay probability was .02 

came quite close to the limit of the measurable range. The linearity was not tested outside the 

measurable range. However, the limitation on the results should not be regarded as any unduly-

serious deficiency in the results because the experimental conditions did exert what can be 

regarded as relatively high influence (see description of the characteristics attributed to the other 

agents). Situations of verbal abuse, physical coercion, duress and other high-emotion situations, 
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such as might arise in scenarios in sociology of the family, nevertheless would probably 

generate weights of influence substantially higher than those introduced in the Camilleri et al.  

(1976) experiment. Linearity was not analyzed for such situations in this work, and so the 

conclusions here might not be applicable to them.  

 Conversely, results for much lower weights of influence were not obtained, and they 

would have been masked by the amount of experimental error of that experiment. Accordingly, 

it is possible that very subtle influences do not combine linearly. Even if they do combine 

linearly, the error varies the low-magnitude computed weights so much that only the regression 

detects the 2.0 slope. The measured low-magnitude numerical weight values themselves vary far 

from a 2:1 ratio as inspection of the scatterplot Figures 8 and 9 and the weight values in Table 5 

demonstrate. 

By analogy with sensory thresholds observed in the psychology of hearing and vision, 

there might be a threshold for influence wherein a very small influence is not noticeable, but two 

influences might combine linearly to exceed a threshold wherein they would be noticeable 

together. Or it is possible that only influences that both exceed a threshold then combine linearly 

thereafter. If sociological outcomes depend on a combination of subtle influences, which might 

actually be the case in fields such as socialization and sociology of not only children but also 

adults, then understanding such low-magnitude influences would seem important. In any event, 

low-magnitude influences below those measured over the 8:1 range remain outside the scope of 

applicable conclusions of this project. 

 That only equal-magnitude influences were combined in the experiment does not appear 

of much concern, and is believed to present no limitation. The reason is that the non-linearity of 

a system, if non-linearity exists, is manifested most when the magnitudes are equal. In a non-



 74 

linear system, the combination of one variable and another of much smaller but variable 

influence turns out to approximate a linear process (e.g., 100 + 1 = 101). This approximation is 

called linearization. Accordingly, if the summation element of the model were non-linear, that 

non-linearity should have shown up in the experimental results. And the experimental results 

were obtained over an 8:1 weight magnitude range.  

 Linearity in the summation element should be distinguished conceptually from constancy 

in each weight. The results here offer important support for concluding that the summation 

element is linear in general.  

The results also support the conclusion that each weight was constant. This constancy in 

weights is regarded as applicable not in general but instead only in a special class of decision-

making circumstances of which the experimental conditions were an example.  

 Suppose in a first hypothetical example, that subject combines weights in the experiment 

to produce a combined weight of influence according to an hypothetical equation  

 

 D0 = SIGN[ c(-W1 –W2) + N]                                                                                       (14) 

 

A constant factor c would make up for the discrepancy between addition of the weights to 

influence the subject decision D0, and linearity would be preserved. However, this approach is 

unsatisfactory for the following reason. If the second other agent is absent, then the effect –cW1 

of the first other agent should still be present in Equation (14). Thus constant c must be unity 

since the weight W1 takes into account all the influence that was observed and measured. 

Otherwise, the weight cW1 is not constant if a non-unity constant c springs into existence as if 

by magic when the second other agent is in the picture. Parsimony militates against such an 
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approach, especially when a straightforward explanation, as proposed here, explains the data and 

c is left at unity. 

 Similarly, parsimony militates against a non-linear model wherein the regression 

coefficient m is other than two (2.0) when influence of two other agents is compared with 

influence by one other agent. In that non-linear type of model some function f solves an 

Equation (15) representing such a model:  

 f(2W) = m f(W)                                                                                                           (15) 

 

The type of function f that actually solves Equation (15) is: 

 

 f(W) = cWlog(m)                                                                                                           (16) 

where log(m) is the base-2 logarithm of the regression coefficient m, and c is an arbitrary 

constant. (The solution procedure is left as an exercise for the reader.)   Such a nonlinear model 

generalizes poorly to three or more other agents, since the base of logarithm would change in an 

ad hoc manner, from 2 to 3 to 4 and so on, as the number of other agents is increased. The 

nonlinear model is unduly complicated given that this project has found a way to establish 

influences that add, going from one other agent to two of them.  

 What is important in this experiment is that no statistically significant interaction effect 

or non-linear effect on weights was observed. This means that the Camilleri et al.  experiment 

showed a eight cases of a decision setting where the influences added linearly (in 1 + 1 = 2 

fashion). This result is important and persuasive validation of the summing element part of the 

model even if other types of decision situations might introduce an interaction effect (non-

linearity) into one or the other weight as between the other agent decision variables D1 and D2. 
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Furthermore, the validation is persuasive because parsimony militates against the idea that a first 

non-linearity in the summer and a second non-linearity in the weights canceled out just by 

coincidence. Perhaps it is possible to produce the observed linear relationship as the composite 

of first and second non-linear relationships. But it would be fanciful to suppose that this 

experimental situation just happened to feature a situation wherein the summing element had a 

first non-linear relationship and the dependence of the weights on the variables D1 and D2 had a 

second non-linear relationship that indeed canceled out the first non-linear relationship.  

It is far more convincing to understand the experiment as providing a situation wherein 

the summing element is linear in general, and the controlled situation was so simple that 

dependence of the weights on the variables D1 and D2 was non-existent. Therefore, the 

influences due to the other agents added linearly in this experiment but in general, more complex 

situations would be expected to show some dependence of the weights on the variables D1 and 

D2, with the summation element remaining linear. 

3. Few Data Points. Third, the data is very limited to eight (8) pairs of probability 

estimates, albeit corresponding to groups with many subjects (between 20 and 37) in each group. 

Appendix I tabulates and considers the possible effect of heteroscedasticity in the one or two 

data points representing the highest weight(s) relative the rest of the points. Statistical testing of 

the points with heteroscedasticity taken into account was impeded or prevented because of the 

paucity of data points.  

4. Weak Test. Fourth, the project has limited ability to falsify Models 3 and 4, that is, it is 

a weak test. Because the regression slope, assuming logistic error, departs from pure additivity 

(theoretical 2.0 prediction), the work here set out to find how, if at all, it might be possible to 

produce a result within 2 S.E. bounds of the 2.0 value. Only if no error distribution had been 
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found that permitted the 2.0 result for slope, would the mathematical formulation of the theory 

have been called into serious question. Also, the approach was unable to reject some plausible 

possibilities that also passed the statistical testing, even though the logistic error, negative log 

and Bayesian formulations were at least able to be rejected, subject to the qualifications noted in 

Appendix I. 

5. Special Case, Pre-tested x = .5. Fifth, the formulation here was only tested in an 

experiment where pre-testing established an initial response probability x=.5 (ambiguous 

black/white card), and not where x had other values. The conformity experiments of Asch 

(1957) as described by Michener, De Lamater and Myers  (2004, p. 338-339)  and of Schulman 

(1967, p.  28-9, 34-36) are examples where x is expected to depart from .5. In the Asch type of 

experiment, the subject is shown a card with one standard line and three lines of quite different 

lengths. The standard line is quite apparently the same in length as one of the three comparison 

lines. In other words, 50-50 ambiguity is not present. Other agents deceptively designate another 

of the comparison lines as same in length. Conformity impels some fraction of the subjects to 

change their minds and conform with the other agents.  

6. Weight Subtraction Needs Study. Sixth, more work remains to be done involving 

influences arranged to subtract from each other. Webster and Sobieszek (1974, p. 115-130) 

performed an experiment wherein influences of two other agents (2-S) disagreeing with each 

other subtracted in influence from one another instead of adding. They found that the difference 

between the decision results for subject in the 2-S situation compared to results for the subject 

alone (0-S) was insufficient to reject the statistical null hypothesis of identity (p=.30). To the 

level of precision of that experiment, the null result is an important further substantiation of the 

model approach here.  
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 In more extensive and precise work, the experiment of Camilleri et al.  (1976) could be 

revised to provide a delicate weight-subtraction test to distinguish between predictions of 

different models of actual decision-making. If one model predicts that the influences cancel and 

another model predicts that the influences do not cancel, then experimental data could be used to 

reject one model and not the other model. I showed how to generate such predictions for the 

logistic formulation of a link between SCT and SINT (Hollander 2003, p.  10-15, Models 2.1-

2.3, Slides 6-7.), and identified experimental conditions under which the predictions would be 

qualitatively different for different models. Now that the logistic formulation is rejected herein, 

that work should be revisited and revised using the Gaussian formulation validated in this work.  

7. Social Network Special Case. Seventh, the project only analyzes data involving two 

and three social agents in the experiment. No test of more complex social networks is involved 

in the project. For instance, a quantitative analysis and generation of model predictions remains 

to be done for a situation involving more than two other agents, all disagreeing with the subject. 

Also unanalyzed is the question whether this model would make experimentally substantiated 

predictions for a situation involving a minority of one or two other agents agreeing with the 

subject while a majority of others disagree with the subject. Minority influence is the subject of 

a literature reviewed by Michener et al. (2004, p. 341, 344-347).  

8. Test the Model Dynamics. Eighth, the more complex models 2 and 4 are not fully 

tested, in particular as to their dynamic properties that involve time series and varying rates. 

Dynamics are involved in repeated or iterated games and in evolutionary game theory (Luce & 

Raiffa 1957, p.  97-104; Mesterton-Gibbons 1992, p. 166-186). 

9. Cognitive Judgments vs. Other Judgments. Ninth, the experiment involved influence 

pertaining to a cognitive performance. Influence pertaining to some other type of judgment, such 
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as a decision to be persuaded by an inducement or coercion (Habermas 1987, p. 278) or 

pertaining to a moral judgment, might operate differently. The literature as reviewed by 

Michener et al. (2004, p. 339-340) also distinguishes between 1) normative influence to receive 

rewards and avoid punishments and 2) informational influence due to accepting information 

from others as valid evidence about reality.  

10. Study Agreement as well as Disagreement. Tenth, the experiment involved other 

agents who disagreed with the subject. The experiment did not measure a situation where 

agreement by other agents with the subject might have produced some reverse-effect of 

changing the probability of the subject making a particular choice.  

 11. Accumulation of Error in Predictions. An objection might be offered that the linear 

result, even if valid within error bounds, may not have much predictive value for social groups 

and networks and influences cascaded from person to person like dominoes in a line. The 

objection asserts, that even if the linearity were established for one person subject to a relatively 

low error, the errors might accumulate when many persons were brought into interaction, not to 

mention limitations in understanding the time-variation in the weights already mentioned above. 

However, this objection assumes that the error actually accumulates, and that assumption may 

not be correct in many important cases. In any event, this project does not attempt to further 

analyze the interesting question of accumulation of error when the model is applied to networks 

of social agents wherein I would hypothesize that prediction error accumulates less in fully-

connected social groups and more in cascaded dominoes in a line.  
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More Complex Models and Multi-Disciplinary Interpretation 

In addition, this project has not attempted to exhaustively consider all possible 

alternative and more complex models. Examples of such models might split up the influences 

and feed them via weights to parallel summation elements. These and other models could feed 

biases to the summations and then feed a composite result from them to a final biased 

summation that obtains the experimentally measured probabilities. Parsimony is a main reason 

for applying this limitation to the project.  

 However, an interesting argument for considering such complex models goes as follows. 

The work here seems to lie at an intersection of neuro-physiology, psychology and sociology. In 

a sociological first perspective, the experiment examines one Y-shaped intersection in a social 

network as depicted in Figure 1. The results for that intersection can then presumably be applied 

all over the social network. Indeed, the results can then be applied to networks of double 

contingency wherein each agent is a subject feeding back evaluations as an other agent to the 

other subjects. I have shown how such double contingency leads to and locks in decisions and 

decision probabilities according to a kind of group-think, that is sui generis (Hollander 1994, 

1998, p. 20AG-20AU, 2000, p. 8). The result is a social fact or unit of social construction that is 

sui generis in the Durkheimian sense. 

In a psychological second perspective, the results provide intriguing information about 

how the individual makes decisions with multiple pieces of information perceived by the 

individual directly from the experimental stimulus slides and the decisions of one or two other 

individuals (cf. Plous 1993, p. 15-16, 26-27, 38-47, 84-92, 191-204). The stimulus slides are 

visually perceived, and panel display lights representing the decisions of the other individuals 

are interpreted by the subject individual in a context of preference and judgment (cf. Allais 1990, 
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p. 3-9). In this psychological perspective, no one but the individual subject is studied because the 

subject actually (in this gaze) merely observes inanimate slides and panel display lights.  

 In a neuro-physiological third perspective, the experiment operates as a kind of 

microscope into the working of some decision-making part of the neural system of the brain 

between the sensory neuronal networks and the motor neuronal networks (cf. Edelman 1987, p.  

226). The sensory and motor neuronal networks are not the focus of the study. The study instead 

focuses, in this third perspective, on a decision-making portion of the neuronal system of the 

brain. Whether this decision-making portion is anatomically distributed or anatomically 

localized is not focused upon in the study. While this work is directed to the sociological 

interpretation, the remarkable multi-disciplinary intersection of the subject matter further 

justifies interest.  

 It is possible that the decision called for in the Camilleri et al.  (1976) experiment is 

mediated by a single neuron and its synapses in the subject agent, as suggested by single-neuron 

observations (Quian Qiroga, Reddy, Kreiman, Koch and Fried 2005; Connor 2005; Kreiman, 

Koch and Fried 2000). Of course, the pertinent neuron might vary in anatomical location over 

time in the same subject, and as between subjects, from subject to subject. However, it seems at 

least as realistic to suppose that a more complex network of neurons, localized or not, is 

responsible for decisions. Also, the nature and connectivity of such a complex network probably 

varies from person to person and varies over time in the same person in a robust, redundant, and 

resilient manner (Edelman 1987, p. 181-3, 226-9, 272-8; Kuffler & Nicholls 1976, p. 333-4, 

373-8).  

 Sociology is then seen from a neuro-physiological perspective as the result of neuronal 

networks that have their communications overcoming the physical limits imposed by the 
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confines of the human skull. In short, sociology from this perspective is a study of  “neurons 

gone wireless,” to coin a phrase. Sociology studies a seamless conceptual unity of inner 

networks in the individual embedded in outer social networks, indeed a unity of inner and outer 

loops in the same system (Hollander 1998, p. 18Q; Fararo 1989, p. 176, 319-320, 357 n.20). 

Accordingly, considering a variety of network models, all equally capable of responding to each 

disagreeing influence of one or two other agents, would be of interest to make sure that the 

predictions are robust as well as consistent with the experimental results.  

A further theoretically important perspective involves a cross-disciplinary comparison. 

The Camilleri et al.  (1976) sociological experiment demonstrates a fundamental process in 

sociology described by the SIGN equation Model 3. Remarkably that Model 3 Equation (9) 

closely parallels in form the McCulloch-Pitts neuronal equation (Arbib, 1987, p. 18) that results 

from delicate electrical observations of neurons in the field of neuro-physiology.  

Suppose Model 3 Equation (9) for sociology is not a separate, merely parallel, result that 

coincidentally is the same as the McCulloch-Pitts neuronal equation (id.). Model 3 may simply 

represent something like the McCulloch-Pitts equation seen through the sociological gaze. This 

conception parallels a Principle of duality of structure wherein “Structure is not ‘external’ to 

individuals: as memory traces, and as instantiated social practices, it is in a sense more ‘internal’ 

than exterior to their activities in a Durkheimian sense.” (Fararo, 1989, p. 200 quoting Giddens, 

1984). 

Sociology, psychology, and neuro-physiology may indeed have this Model 3  

Equation (9) as their nexus, linking disciplines at this precise theoretical point. Seen from such a 

viewpoint, then, certain sociological investigations are investigations into neuro-physiology, and 

certain neuro-physiological findings have specific capability to form hypotheses in sociology. 
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Consider the latter. It is as if neurons project a magnified, translated picture of themselves onto 

at least part of the social world. And, conversely, sociology is a powerful microscope trained on 

at least part of the neuronal world, as it were. Sociology at a fundamental level recapitulates 

neuro-physiology and vice-versa.  

When an other agent neuron is influential on a particular subject neuron, the projected 

picture is that an other agent is influential on the subject. When delicate observations and 

experiments on neurons provide more refined models of neurons and their networks, these more 

refined neuronal models may be projected onto the social world and translated into sociological 

hypotheses. Conversely, when observations and experiments in sociology provide data and 

models that are relatively accessible to sociologists, these data and models may suggest 

hypotheses for neuro-physiology in microscopic domains and neuro-chemical processes where 

current microscopic and observational techniques in that field currently face daunting 

challenges. 

While it is, of course, recognized that the considerations of the above three paragraphs do 

include some speculative content, they are offered in a spirit of vigilance for larger implications 

of quantitatively precise work in sociology for sociological theory, hypothesis formation and for 

other disciplines. 

 

Research Recommendations 

Since a bimodal or even tri-modal Gaussian error distribution is not inconsistent with the 

results herein, further experimental work would be required to eliminate those possibilities. 

Also, since the Camilleri et al.  (1976) data are relatively limited, the central conclusions of this 
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paper remain open to further testing to confirm that the error distribution is Gaussian and 

weights add in the arithmetical manner that SINT envisages. 

Other further theoretical and experimental work resembling that of Webster and 

Sobieszek (1974) would test for weight subtraction and cancellation of opposing influences. 

Hollander (2003) discussed different SCT-based logistic SINT models wherein two opposing-

evaluators (2-S) do or do not cancel each other’s influence depending on the model. The logistic 

distributional assumption in Hollander (2003) should be revised as described here. 

 

Conclusion 

The decision-making process is assessed. Specifically assessed is a social psychology 

question whether two social agents contributing equal weight of influence on a subject agent by 

disagreeing with a first-round binary decision of the subject agent in the binary choice 

experiment, do establish a combined weight of influence equal to exactly twice the weight of 

influence contributed by each one alone. Social influence network theory (SINT) and status 

characteristics theory (SCT) are used to formulate the test of this relationship. In the process, a 

link between the two theories is established mathematically, which reformulates the previously 

proposed link of Hollander (2003).  

 Subject to qualifications of Appendix I, this study reveals a statistically validated 

reformulated link that advances that theory and understanding of the hitherto conceptually 

distinct theoretical approaches of SINT and SCT. Moreover, data from future experiments to test 

or clarify either theory become pertinent for testing or clarifying both theories, and also 

potentially fuel further theory developments. 
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APPENDIX A 

GENERALIZED SINT SCHEME--MATHEMATICAL FORM OF MODEL 2 

FOR SOCIAL INFLUENCE NETWORK 
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Following Friedkin (1999, p. 860),  “Social influence network theory postulates a 

simple recursive definition for the influence process” in a group of N actors: 

 

y(t)  =  A W y(t-1) + (I – A) y(1)    (Model 1 equation)                                                      (1-A) 

 

Equation (4) is called Model 1 herein. According to that Friedkin paper,   

“For t = 2, 3, …, where y(t)  is an N x 1 vector of actors’ opinions on an issue at time t, 

 W =  [wij] is an N x N matrix of interpersonal influences, ( 0  <= wij  <= 1,  ∑j
N wij  = 1 ), and  

A =  diag(a11, a22,… aNN) is an NxN diagonal matrix of actors’ susceptibilities to interpersonal 

influence on the issue ( 0  <=  aii  <=  1 ).” (id.)   (I represents the identity matrix.) 

Model 1 Equation (1) is identically equivalent to a time-difference equation  

 

y(t) - y(t-1)  =  - (I – A W) y(t-1) + (I – A) y(1)                                                                    (1’-A) 

 

and that time-difference is also identically equivalent to a negative feedback representation  

 

y(t) - y(t-1)  =   I ((I – A) y(1) + A W y(t-1)  –  y(t-1)                                                            (2-A) 

 

wherein  –  y(t-1 is the negative feedback, and the leftmost identity matrix I is a special case of 

unity rate of feedback for all agents. 

        In Model 2, a feedback agent-model here has each agent in a SINT scheme modeled by a 

summing element followed by an integrator to produce output y. The integrator for agent i has a 

rate (designated rii in general) and feeds back to the single summing element with weight 
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negative one (-1). Each agent-model is interconnected in a social network with the other agents 

according to the SINT scheme by a matrix of weights w. Lower case w is used to remind the 

reader of the conceptual similarity (but not identity) of these weights of Model 2 with the 

distinct matrix values of weights of Model 1 represented by upper case W. Initial value vector  

y(1) is also utilized in this model as the weight of influence exogenously exerted on the decision-

maker.  

Due to the negative feedback, the summer-integrator model as a whole produces (or 

homes in on) an output precisely equal to exogenous influence vector  y(1) when each agent is 

isolated from the rest, i.e. when weights w are zero. As convenient, the initial value vector y(1) is 

replaced with an exogenous influence variable vector U(t)  that can vary with time. If U(t) is 

constant, it is identical with initial value vector y(1).  

The resulting generalization of Equation (1-A) is called Model 2 and expressed as: 

 

y(t) -  y(t-1)   =  r ( U(t-1)   +  w y(t-1)   -   y(t-1) )                                                           (3-A) 

 

Weights  from Model 2 within the scope of Model 1 are given (Hollander 2002) as 

w = I – (I-A)-1(I-AW) with constraint that w[1]=0, i.e. that the weights of Model 2 sum to zero 

for each agent. (w is the weight matrix, [1] is a vector of all ones, and  0 is a vector of all 

zeroes.)  In Model 1, the exogenous influence U of Model 2 is assumed constant, i.e. Model 1 

restricts U to  U(t-1) = (I – A) y(1) , which is a value determined by the initial condition at time t=1 

of the process. Also, the rates in Model 1 are either implicit or absent, while Model 2 explicitly 

introduces the diagonal rate matrix r. Then Model 1 is seen as restricting the rate matrix to be 

the identity matrix:  r = I. 
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APPENDIX B 

PROOF THAT U AND w OF DECISION EQUATION ARE IDENTICAL WITH U AND w 

OF FEEDBACK EQUATION (3-A) 
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The SIGN function is +1 when its argument is positive and -1 when its argument is 0 or 

negative. For purposes of this paper, write that equation for agent i as follows: 

 

D  =  SIGN (v(U, wijDj) + N)                                                                                      (1-B) 

 

where N is a random error variable with some probability density distribution F(N) having zero-

mean and unspecified shape (non-parametric).  

Using the variable v,   

P(Di=1)   =    ∫
∞

−v

dNNf )(                                                                                                   (2-B) 

The reason for the equation just above, is that all values of error N that do not go below 

negative v    (–v) thereby do not prevent the main function v of the independent variables from 

making the argument of the SIGN function positive. Accordingly, an instance of Di = +1 occurs. 

(This equation assumes that each time unit the social agent produces a valid decision, and the 

time unit is sufficiently long to validly reflect the time needed for the social agent to actually 

make the decision in real life, and that the independent variables are essentially constant during 

that time unit.)   Integrating the probability density over all those values of N exceeding –v 

yields the probability that Di=+1. Herein lies the key I propose to relate the SCT decisions and 

probabilities to a SINT-type formulation. 

In general, and regardless of symmetry or assymetry in the probability density 

distribution f(N) function of the random error N, 

p(Di=1)   =  1 - ∫
−

∞

v

dNNf
-

)(                                                                                                (3-B) 

Define the cumulative probability distribution as C(-v) where by definition 
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 C(-v) =   ∫
−

∞

v

dNNf
-

)(                                                                                                          (4-B) 

So  C(-v) =  (1-p) and 

 

-v =  C-1(1-p)                                                                                                                      (5-B) 

Probability p is x Ps(x) from the SCT experiment, so by substitution, 

 

-v = C-1(1-x Ps(x))                                                                                                              (6-B) 

 

See illustration at Figure 7. At this point we do not know what function C-1 is. It might be 

logistic, Gaussian, symmetric, assymetric, etc.  

The result of Equation (6-B) is next conceived as the settling point of a feedback system 

that has driven its feedback control signal to zero when 

 

0 = v – (-C-1(1-x Ps(x)))                                                                                                     (7-B)  

Prior to settling, the right side of Equation (7-B) represents the summer inputs of the 

feedback system of Figure 5, compare Model 2 Equation (3-A), to generate the negative 

feedback control signal that gets driven to zero. In this Appendix and for purposes of that 

feedback system, the term  v = v(U, wijDj) represents the inputs descriptive of subject and the 

social influence being exerted on subject. Further, the term 

(-C-1(1-x Ps(x)) represents the feedback of the integrated output of the summing element of 

Figure 5.  

In even further detail, Equation (7-B) is rewritten as Equation (8-B) next: 
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0 = v(U, wijDj)  – (-C-1(1-x Ps(x)))                                                                                     (8-B) 

 

 Appendix D writes out the full feedback model in matrix form based on this feedback 

way of conceiving the SIGN equation Model 3. But this Appendix B sufficiently explains why 

the variables U and weights of the influence wijDj exerted on the subject in decision       

Equation (1-B) are indeed precisely the same variable U and weights of feedback equations 

based on Equation (8-B) as their settling point. 

 Turning to a linear special case of function v, rewrite Equation (1-B) as 

 

D  =  SIGN (U + wijDj + N)                                                                                            (9-B) 

 

Then the special case of feedback Equation (8-B) at the settling point is correspondingly written: 

  

0 = U + wijDj  – (-C-1(1-x Ps(x)))                                                                                     (10-B) 
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APPENDIX C 

 MATHEMATICAL DERIVATION OF RELATIONSHIP OF INFLUENCE WEIGHTS TO 

PROBABILITIES USING BINARY CHOICE MODEL  
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By identity,  

 

WijDj  + U  = (U+WijDj)                                                                                               (1-C)    

 

But, by inspection of the above Equation (1-C) in the specific case of SCT Round 1,   

 

U =  v(U,0) = -C-1(1-x)                                                                                                  (2-C)                                  

 

Further, by inspection of the identity Equation (1-C) in the specific case of SCT Round 2 in the 

case of SCT Disagreement, and substituting Equations (2-C) and (10-B): 

 

         (-1) wij(-1)   +  (-C-1(1-x))  =  -C-1(1-xPs(x))                                                           (3-C) 

 

Solving for the weight in the face of disagreement, 

 

               wij(-1)    =   C-1(1-xPs(x))  -  C-1(1-x)                                                                 (4-C) 

 

Also, by inspection of the identity Equation (1-C) in the specific case of SCT Round 2 in the 

case of SCT Agreement (Hollander 2003),  

 

            (+1) wij(+1)   +  (-C-1(1-x))  =  -C-1(1-(1-(1-x)Ps(1-x)))                                        (5-C) 

 

                    wij(+1)  =  C-1(1-x)  -  C-1((1-x)Ps(1-x))                                                         (6-C) 
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The error N of which C(N) is the cumulative probability distribution may not be the 

same for all individuals in a group. Accordingly, modeling will ordinarily introduce an 

assumption of identical and particular error functions with zero mean and unity variance in all 

the individuals in the group, or two or a few error functions that are applied to various 

individuals or subgroups respectively in the group. 
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APPENDIX D 

 MATHEMATICAL DERIVATION OF  

FEEDBACK EQUATION EQUIVALENT TO BINARY CHOICE MODEL  

USING CUMULATIVE INVERSE FUNCTION OF PROBABILITIES  
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A feedback agent-model for a probabilistic influence network (Model 4) models each 

agent by a summing element followed by an integrator to produce probabilistic output  y(t) = p at 

time t, followed by a random number generator of binary decisions (Di = +1 or –1) based on the 

probability p that Di=+1 (output from the random number generator). Each agent-model is 

interconnected with the others according to a matrix of weights w. Influence of agent j on agent i 

is equal to the product wijDj. Influence all over a social network is the matrix product wD(t-1) of 

the weight matrix w times the decision vector D at the applicable time. As a matrix product, this 

expression wD(t-1)  involves a linear assumption that needs to be tested later in this paper. Vector 

r  is a vector of rate constants for the system. 

Model 4 is expressed below:   

 

(-C-1(I-y(t) )) – (- C-1(I-y(t-1) ))   =  r (v(U, wD(t-1) )  -  (-C-1(I-y(t-1) )))  or 

 

     C-1(I-y(t-1) )  –  C-1(I-y(t) )   =  r (v(U, wD(t-1) )  + C-1(I-y(t-1) ))                                  (1-D) 

            

This Equation (1-D) is important because it finally achieves a model representation that 

is not implicitly parametric like the logistic formulation (i.e. logistic assumes a particular error 

distribution).  Historicity emerges from Decisions D and probabilities y. 

Assuming linearity in function v as between terms U and wD(t-1), 

 

(-C-1(I-y(t) )) – (-C-1(I-y(t-1) ))  =  r (U  +   wD(t-1)  - (- C-1(I-y(t-1) )))   (MODEL 4A)      (2-D)            
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Equation (2-D) is analogous to Equation (3-A) of Appendix A. Equation (2-D) is a probabilistic 

form of the Hollander (2000) socion concept of Equation (9) earlier hereinabove. That Equation 

(9) is expressed in terms of dichotomous variables and the SIGN function (Hollander 1994, 

1998, 2000, 2002) according to an equation called the Model 3 (socion) equation repeated here: 

 

D(t)  =  SIGN (U  +   wD(t-1)  + N)                                                                       (3-D) 

 

Now let time increase without limit so that the left side of the Model 4A Equation (2-D) 

vanishes. 

 

U  +   wD(t-1)   +   C-1(I-y(t-1) ) = 0                                                                        (4-D) 

 

Reduce the Equation (4-D) to one-person form to describe the SCT subject 1 and drop the time 

superscript on the time-stabilized value of y, which is the probability of decision by subject 1 in 

Round 2. 

 

U1  +   w12D2  +   C-1(1 - y) = 0                                                                              (5-D) 

 

where D2  is the decision of the other agent (subscripted 2) and  w12  is the weight of influence of 

other agent 2 on subject agent 1. 

Note that U1 is equal to the SCT Round 1 value of  -C-1(1-x ) .  

Rearranging accordingly, 
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        w12D2  =   C-1(1 - x)  -   C-1(1 - y)  .                                                              (6-D) 

 

It is stated here also, without proof, that the same equation is derivable from Model 4 in step 2 

without need of assuming time increasing without limit. 
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APPENDIX E 

 CANCELING SCALING EFFECTS OF GENERALIZED ERROR  

PROBABILITY DENSITY FUNCTION ON WEIGHTS  

WHEN REGRESSING WEIGHTS FOR TWO OTHERS  

VERSUS WEIGHTS FOR ONE OTHER  
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In general, a probability density function can be scaled from f(N) to kf(kN). This scaling 

keeps the total probability (area under the curve) at unity, and multiplies the mean and standard 

deviation by 1/k. (See Appendix). This scaling feature does not change the general shape or type 

of the probability density distribution. Scaling just magnifies or demagnifies it visually. So a 

scaled Gaussian, logistic, multiple-Gaussian bimodal or tri-modal probability density 

distribution preserves its form even when the mean is not zero. If the cumulative probability 

distribution found by integrating f(N) is C(N), the cumulative probability density distribution 

found by integrating kf(kN) is C(kN).  

The weights are dependent on the scaling factor because integrating the probability 

density function scales the random variable only, relative to each value of the cumulative 

probability. The weights are computed from an equation that involves the inverse function of the 

cumulative probability distribution, so if p is a probability, then kN = - C-1(1-p). Accordingly, 

every data value of probability obtained from the experiment, and to which the inverse function 

is applied, corresponds to a value or scaled value of the inverse function that is interpreted as a 

weight herein.  

Even though the weights are a function of the scaling factor, regressing the weights in the 

One-Other and Two-Other situations produces a slope estimate wherein the scaling factor 

cancels out because the scales of both axes of the scatterplot are magnified or demagnified 

identically. The intercept estimate does have a dependence on the scaling factor.  

Consequently, statistical tests of the regression slope of the weights for Two-Others 

versus One-Other relative to the theoretically predicted value of  2.0 provide a convenient means 

of testing whether an assumed shape of the distribution as logistic, Gaussian, or otherwise is 

inconsistent with the theory or not. Conveniently, scaling effects cancel out. And where the 
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shape of the distribution is unknown, the explicit reformulation of the theory equations to make 

explicit any dependence of the results on the shape of the distribution provides an important 

check against hasty conclusions about the slope uninformed relative to distributional 

dependency. 

 Also, the possibility that the experimental U departed from zero was considered as a 

possible reason why the logistic weights departed from perfect 2.0 linearity and have a non-zero 

intercept. However, consider the equations 

 

U1 + W1 = C-1(1 - xPs1(x) )    (1 other agent)                                                            (1-E) 

 

U1 + W2 = C-1(1 - xPs2(x) )    (2 other agents)                                                          (2-E) 

 

U1 cancels out when one of the equations is subtracted from the other. 

 

W2-W1 = C-1(1 - xPs1(x) ) - C-1(1 - xPs2(x) )                                                            (3-E) 

 

Furthermore, the sensitivity of the regression slope results to U was tested by varying the 

assumed initial response probability x, and the slope was hardly affected. See Appendix H,  

Table 9.  
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APPENDIX F 

  DERIVATION OF WEIGHTS OF INFLUENCE  

FOR REGRESSION BASED ON LINDENBERG (1981) 
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In Chapter 4, I regressed -ln(PS2) on -ln(PS1) for comparison with predictions based on 

Lindenberg (1981, p. 328) and on a Bayesian approach. Appendix F here derives the predictions 

based on Lindenberg (1981, p. 328). Appendix G derives the predictions based on the Bayesian 

approach.  

Let weight W1 in negative log approach be defined as W1 = -ln(factor), and  

 

W2 = 2 W1.                                                                                                        (1-F) 

 

-ln(PS1) =  -ln(0.95) - W1                                                                                  (2-F) 

 

-ln(PS2) =  -ln(0.95) - W2                                                                                  (3-F) 

 

Substituting Equation (1-F) into Equation (3-F) and then substituting Equation (2-F) therein, 

equates the negative log approach to 

  

-ln(PS2) =  -2W1 - ln(.95) = 2 (- ln(PS1)) + ln(0.95)                                               (4-F) 

 

Regressing W2 on W1 should yield a slope of 2 and an intercept of  ln(0.95) which is 

about -.05. In other words, Equation (4-F) shows here that the approach of Lindenberg (1981, p. 

328) is equivalent to predicting a regression coefficient of 2.0 in a regression based on Equations 

(1-F), (2-F) and (3-F).  

When I performed OLS regression, as shown in Chapter 4, the regression slope that fits 

the data had 95% confidence limits that failed by a wide margin to include 2.0 in their range. 
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(The intercept was barely included at the upper end of the 95% confidence limits on the 

intercept.). Accordingly, I conclude that regression analysis of the Camilleri et al.  (1976) fails to 

support the approach of Lindenberg (1981, p. 328). 

Lindenberg reported that the predictions from his approach were superior to the 

predictions used by Camilleri et al.  (1976) to attempt to explain their own observed data. 

Therefore, I do not attempt to make a further comparison with the predictions used by Camilleri 

et al.  (1976) themselves. 
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APPENDIX G 

DERIVATION OF BAYESIAN-BASED WEIGHTS OF INFLUENCE FOR REGRESSION  



 106 

My analysis so far suggests a failure of individuals to act in a Bayesian fashion to the 

extent the derivation below reflects the relevant considerations of a Bayesian approach to the 

SCT experiment of Camilleri et al.  (1976). Each disagreeing agent opinion is new information 

that is combined with the Bayesian prior of the subject to result in a new likelihood of staying. 

The data reported by Camilleri et al.  (1976) is used to generate predicted stay probability P(S) 

from the Bayesian viewpoint and then statistically tested. 

I considered whether a Bayesian-based derivation of weight for two persons disagreeing 

with subject agent that would predict a slope of 2.0 compared with Bayesian-based weight for 

one person disagreeing with subject. When such weights computed from the 1976 Camilleri et 

al.  data are regression-analyzed, the resulting slope is about 2.9 and the 95% confidence limit 

does not reach 2.0. By contrast, the model predictions from the derivation based on the Model 3 

do closely approximate the slope 2.0 well within the 95% confidence limit. 

 

    Detailed Derivation 

The basic inversion formula of Bayesian inference (Pearl 1988, p. 32) is  

 

P(H|e)  =  P(e|H) P(H) / P(e)                                                                                         (1-G) 

 

P(H|e) symbolizes the probability (the posterior) that an hypothesis H is true if evidence or event 

e is presented. P(H) represents the probability (the prior) that the hypothesis H is true without 

taking event e into account. Bayesian inference pictures the subject agent as moving from a prior 

belief level P(H) of the truth of the hypothesis to a posterior or event-informed level of belief 

P(H|e) of the truth of the hypothesis H in light of the event e. 
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 P(e|H) represents the probability (or likelihood) of the event assuming that the hypothesis 

H is true. 

 P(e) is the probability of event e and is a normalizing constant that is also given as:   

 

P(e) =  P(e|H) P(H) + P(e|not-H) P(not-H)                                                                   (2-G) 

 

Before deriving weights of influence for regression, a simple example is given to show how the 

Equation (1) is interpreted here for purposes of analyzing the SCT experiment. 

Let the Bayesian prior probability P(H) be .5 that an hypothesis H is true that the 

ambiguous cue card is more black than white in the SCT experiment. Let event e represent 

disagreement by an other agent 1 with the subject agent.  

The likelihood P(e|H) represents the probability that the other agent 1 would disagree 

with the subject agent by saying the cue card is actually white assuming it is indeed true that the 

cue card is actually black as the subject agent provisionally decided.  

Suppose, for this example, that the other agent 1 is high-status relative to the subject 

agent in the sense of being represented to the subject as having seasoned ability to make cue card 

determinations. Since the other agent 1 is high-status, then the probability of disagreement 

should be rather low, say .2. So, let the likelihood P(e|H) = .2. 

 Next, for purposes of providing a number for P(e), note that P(H) and P(not-H) are both 

.5 since the cue card was pre-tested to be 50-50 ambiguous. P(e|not-H) is the probability that the 

high status other agent 1 would say the cue card was white  if the card were actually white. 

Assume that probability P(e|not-H) is .8—i.e., unity minus .2 value of the likelihood P(e|H).  
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Substituting values into Equation (2-G) and then Equation (1-G) gives Equation (1’-G) 

example result as: 

P(H|e)  =  P(e|H) P(H) / P(e)  =  .2 x .5 / (.2 x .5 + .8 x .5)  = .2                           (1’-G) 

 

In other words, the subject agent reevaluates the initial 50-50 belief that the cue card is black and 

revises it to a posterior belief P(H|e) = .2 that the cue card is black. In other words, subject agent 

thinks the cue card is probably not black. Since the SCT experiment is repeated for many 

subjects, the average of their actual behaviors results in a probability estimate from the 

experimental data that can be used to compare with the Bayesian approach. 

 

Derivation of the Stay Probabilities 

The subject agent’s stay probability PS1 for one disagreeing other agent is defined here 

as the ratio of the posterior probability divided by the prior probability: 

 

PS1 = P(H|e) / P(H)                                                                                                      (3A-G) 

 

This also means 

 

PS1 = P(e|H) / P(e)                                                                                                       (3B-G) 

 

In terms of the example above, the stay probability PS1 is calculated to be .2/.5 = .4. 

Although the posterior probability P(H|e) in general can be larger or smaller than the 

prior probability P(H) in general Bayesian inference, the SCT experiment represents only the 
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case where the subject agent encounters disagreement. Thus the posterior probability P(H|e) is 

expected to be less than the prior probability P(H). Accordingly, the stay probability P(S) is 

expected to be less than unity, and all the P(S) data from Camilleri et al.  (1976) are in fact less 

than unity. 

Pearl (1988, p. 36-38) discusses pooling of evidence and recursive Bayesian updating. 

This reference points out how the Bayesian equation is repeatedly applied. The derivation of a 

Bayesian equation for two other agents 1 and 2 both disagreeing with subject agent is given here 

as my interpretation the Bayesian principles. 

Let event e2 be disagreement by other agent 2 with the subject agent.  

 

P(H|e2,e)  =  P(e2|e,H) P(H|e) / P(e2|e)                                                                             (4-G) 

 

Substituting for P(H|e) by substituting Equation (1-G) into Equation (4-G) yields 

 

P(H|e2,e)  =  P(e2|e,H) P(e|H) P(H) / (P(e) P(e2|e))                                                         (5-G) 

 

Pearl (id., p. 38) points out that “…the likelihood function is often independent of the past data 

and involves only e and H.”   In other words the two other agents 1 and 2 are assumed by the 

subject agent to be making their decisions independently of each other. This means that the 

likelihoods P(e2|e,H) and P(e|H) are identical. Also, the probability P(e2|e) is the same as P(e). 

Substituting these assumptions into Equation (5-G) gives a power law result: 

 

P(H|e2,e)  =  [P(e|H)/P(e)]2 P(H)                                                                                   (6-G) 
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In light of Equation (3A-G), define the stay probability PS2 of the subject agent maintaining the 

provisional decision in the face of disagreement with two other agents 1 and 2 to be  

 

PS2 = P(H|e2,e) / P(H)                                                                                                   (7-G) 

 

Then, 

 

PS2  =  [P(e|H)/P(e)]2                                                                                                    (8-G) 

 

Derivation Of The Weights Of Influence 

Take natural logarithms of Equations (1) and (6): 

 

LN[P(H|e)]  =  LN[P(e|H) / P(e)]  +  LN[P(H)]                                                            (9.1-G) 

 

LN P(H|e2,e)  = 2 LN[P(e|H)/P(e)] +  LN[P(H)]                                                           (9.2-G) 

 

The two Equations (9.1-G) and (9.2-G) have the appearance of a constant term LN[P(H)] 

contributed by subject agent and then an influence of one or two times LN[P(e|H) / P(e)] 

depending on whether one or two other agents disagree with subject agent.  

Accordingly, rewrite the above equations by writing weight of influence as the product 

of  imputed weights times decision variable D1 = -1 for the first other agent 1 and D2 = -1 for 

the second other agent 2: 
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  LN[P(H|e)]  =  (-1)(-LN[P(e|H) / P(e)])  +  LN[P(H)]                                              (10.1-G) 

 

  LN P(H|e2,e)  =  (-1)(-2 LN[P(e|H)/P(e)]) +  LN[P(H)]                                            (10.2-G) 

 

Finally, substitute for PS1 and PS2 from Equations (3B-G) and (8-G) and impute weights 

WPS1 of other agent 1 and WPS2 of both other agents 1 and 2 as follows:  

 

WPS1 =  - LN(PS1)                                                                                                     (11.1-G) 

 

WPS2 =  - LN(PS2)                                                                                                     (11.2-G) 
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APPENDIX H 

ASSESSMENT OF REGRESSION ASSUMPTIONS REGARDING ERROR IN VARIABLES  



 113 

Error-in-variables refers to a regression situation wherein not only the dependent variable 

has measurement error, but an independent variable has measurement error as well. OLS 

regression assumes that all independent variables are free of measurement error.  

 The weight points derived in the present work have a y-axis coordinate derived from 

measured stay probability for two other agents, and an x-axis coordinate derived from measured 

stay probability for one other agent. Each stay probability has measurement error from the 

experiment. Strictly speaking, the points violate this OLS regression assumption of no error-in-

variables. 

 However, the Stata 9 package has an error-in-variables linear regression for a model of 

the form 

        Y = X*β + e                                                                                                                (1-H) 

 

        X = X* + U    (Y, X are observed values; X* is true value;  

                                   e and U are errors in Y and X.)                                                       (2-H) 

 

Coefficient estimate vector b for slopes is computed for unweighted data points (StataCorp 

2005, p.  321-324) as  

 

 b = [X’ X – S]-1 X’Y                                                                                              (3-H) 

 

The eivreg formula is reasonable by comparison with OLS regression. OLS regression has 

independent variables error U=0 and the slope coefficient estimate vector b in OLS is  
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           b = [X’ X ]-1 X’Y                                                                                                     (4-H) 

    

Prime (‘) means transpose. S is a diagonal matrix with diagonal elements 

  

     Sii = N(1-ri)Si 
2                                                                                                               (5-H) 

 

 Si 
2 is sample variance. N signifies the number of points on the scatterplot. Reliability ri  is 

obtained by the alpha Stata command (StataCorp 2005, p.  24-30). Reliability is unity minus a 

ratio of variances: 

 

ri  = 1 – var(e)/var(U).                                                                                                (6-H) 

 

When I performed error-in-variables linear regression on the weight data points, the 

results were consistent with those obtained by OLS regression. The particulars of these 

regression results are detailed next.  
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Table 8 
 
 8-Point Eivreg Regression Results 
_____________________________________________________________________________ 
 
Regression              Coeff. (S.E.)  [95% Conf Interval]    
 
OLS      Slope         2.122  (.18)    [1.68 – 2.56] 
OLS      Intercept    -.143  (.11)    [-.13  -   .42] 
R2 = .959 
 
Eivreg    Slope        2.145  (.16)    [1.76 -  2.53]     
Eivreg    Intercept   -.155  (.10)    [-.08  -  .39 ] 
R2 = .969    Alpha .9896 

_____________________________________________________________________________ 
 

 Further, I considered the possible effect of error in the assumption that x = .5, that the 

stimulus is completely 50-50 ambiguous to the subject in the initial round. Accordingly, I ran 

three errors-in-variables eivreg regressions assuming x = .5, x=.55, and x=.45. The results 

should that in this range .45 to .55, there is low sensitivity of both the slope and intercept to 

parameter x. The regression results at the assumed x=.5 appear to be useful in this respect. The 

results of these regressions are tabulated in Table 9. 
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Table 9 

Effect Of Varying Parameter x From .55 To .45 

_____________________________________________________________________________ 
x=.55 

Regression      Coeff.         (S.E.)   [95% Conf Interval]    
OLS      Slope         2.086  (.18)    [1.65   2.52] 
OLS      Intercept    -.150  (.12)    [-.44     .14 ] 
R2 = .958 
 
Eivreg    Slope        2.107  (.16)    [1.72   2.49]     
Eivreg    Intercept   -.162  (.10)    [-.42     .09 ] 
R2 = .968  
_____________________________________________________________________________ 

x=.50 
Regression      Coeff.         (S.E.)   [95% Conf Interval]    
OLS      Slope         2.122  (.18)    [1.68   2.56] 
OLS      Intercept    -.143  (.11)    [-.42     .13 ] 
R2 = .959 
 
Eivreg    Slope        2.144  (.16)    [1.76   2.53]     
Eivreg    Intercept   -.155  (.10)    [-.40     .09 ] 
R2 = .969 
_____________________________________________________________________________ 

x=.45 
Regression      Coeff.         (S.E.)   [95% Conf Interval]    
OLS      Slope         2.159  (.18)    [1.72   2.60] 
OLS      Intercept    -.138  (.11)    [-.40     .12 ] 
R2 = .960 
 
Eivreg    Slope        2.181  (.16)    [1.79   2.57]     
Eivreg    Intercept   -.149  (.09)    [-.38     .08 ] 
R2 = .970 

_____________________________________________________________________________ 
Reliability was assumed r = .99 for all these eivreg regressions. Alpha = .99. 
Weight W2 was regressed on Weight W1. Weights were computed as follows 
W2 = INVNORMAL(1-x*PS2) – INVNORMAL(1-x) 
W1 = INVNORMAL(1-x*PS1) – INVNORMAL(1-x). 
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APPENDIX I 

ASSESSMENT OF REGRESSION ASSUMPTION OF HOMOSCEDASTICITY  
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 Heteroscedasticity arises when the standard deviation in the data points for the weights 

varies substantially over the data points. OLS regression assumes homoscedasticity which means 

that heteroscedasticity is absent, i.e., that the error in the model is independent of each 

independent variable. Strictly speaking, the points violate the OLS regression assumption of 

homoscedasticity. 

The standard deviation of each theoretically-predicted weight is here derived from the 

corresponding experimentally-observed probability Ps(x).  

First, the decisions of the subject are regarded as sampled from a Bernoulli probability 

distribution (Yes/No D= +1/-1). The square root Equation (1-I) represents the standard deviation 

of the Bernoulli probability distribution expressed in terms of the probability x for the 

ambiguous cue card (here x=.5), the stay probability Ps(x) of the subject staying with a previous 

decision, and the number N of subjects out of which the decisions were averaged to obtain the 

stay probability. In general, the standard deviation of any probability distribution is the square 

root of its variance. The variance of the Bernoulli probability distribution is the product of 

probabilities of the two alternative decisions (a probability p times its complement 1-p), divided 

by N-1.  

 

Sd =   )1/()(1)(( −− NxxPsxxPs                                                                (1-I) 

 

But recall that each weight is a function of the cumulative probability of the subject error 

N according to the expression C-1(1-xPs(x)). Accordingly, this function introduces a factor to 

account for the effect on the standard deviation of the weights that is related to and not identical 

to the standard deviation of the Bernoulli probability distribution that is inherent in the 
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experimental data. By the chain rule of calculus, the standard deviation of the weights is equal to 

the product of the slope of the expression C-1(1-xPs(x)) times the standard deviation of the 

Bernoulli probability distribution.  

In other words, the slope of  C-1(1-xPs(x)) is the missing factor. Remember that the 

cumulative probability distribution is the graph of area under the probability density distribution 

curve f, and the slope of area under that curve f is equal to the function defining curve f itself. 

Therefore, in the case of the cumulative inverse function given by the expression C-1(1-xPs(x)), 

this slope is the reciprocal of (one divided by) the function f(1-xPs(x)) defining the curve C 

itself. 

Equation (2-I) puts all the above considerations into one formula for standard deviation 

Sd of the weights. 

 

Sd =   )1/()(1)(( −− NxxPsxxPs  / f(1-xPs(x))                                                              (2-I) 

 

Note further that because error-in-variables pertains, the y-axis standard deviation Sd2 for the 

influence weight arising from two others is  

 

Sd2 = )1/()(21)((2 −− NxxPsxxPs  / f(1-xPs2(x))                                                      (3-I) 

 

The x-axis standard deviation Sd1 for the influence weight arising from one other simply 

replaces Ps(x) with Ps1(x) in Equation (3-I) to yield Equation (4-I). 

 

Sd1 =   )1/()(11)((1 −− NxxPsxxPs  / f(1-xPs1(x))                                                      (4-I) 
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Inspection of Table 10 shows that the CINV Bounds vary, and the last two points are 

especially worthy of attention. The Equations (2,3,4-I) represent an approximation, so I decided 

to compute the error bounds directly using the Stata INVNORMAL function. Table 10 shows 

the results. The notes to Table 10 show the exact formulas used. 

 
Table 10 
 
2 S.E. Error Bounds Computed From Cumulative Inverse Gaussian Distribution 
_____________________________________________________________________________ 
 
PS1   2 S.E.   [CINV BOUNDS]        PS2    2 S.E.    [CINV BOUNDS] 
 
.82   .143     [.047  .228   .416]         .79    .187     [.029    .266   .520] 
.73   .159     [.139  .345   .567]         .63    .222     [.187    .482   .827] 
.73   .157     [.142  .345   .564]         .59    .220     [.241    .539   .896] 
.71   .151     [.175  .372   .585]         .40    .219     [.497    .842  1.338] 
.60   .179     [.281  .524   .805]         .25    .199     [.758  1.150  1.949] 
.52   .186     [.378  .643   .965]         .30    .210     [.658  1.036  1.697] 
.43   .170     [.525  .789  1.126]        .11    .140    [1.151 1.598    inf.  ] 
.24   .156     [.849 1.175 1.728]        .02    .060    [1.753 2.326    inf.  ] 
_____________________________________________________________________________ 
“CINV Bounds” means the Stata expression evaluating the cumulative inverse Gaussian distribution 
(with zero mean and unity variance) at two argument values 
 (1-.5(PS1-2 S.E.)) and  (1-.5(PS1+2 S.E.)). Standard error S.E. for the Bernoulli distribution is 

)1/()(1)(( −− NxxPsxxPs  and was added double and subtracted double in the formula for the CINV 
bounds. The tabulated middle value inverts from argument value (1-.5 PS1) The Stata command is  
NORMINV((1-.5*(PS1- 2*SE)),0,1) for the lower bound,  
NORMINV((1-.5*PS1),0,1) for the middle value, and  
NORMINV((1-.5(PS1+ 2*SE)),0,1) for the upper bound. The numbers N are tabulated in Table 5 in 
same order of listing as above Table 10. Analogous remarks for stay probability PS2 are made by 
substituting PS2 for PS1. “inf.” means that the upper bound tended to infinity and possible error in the 
computed weight was unbounded on the high side.  
 

The Stata package appeared to lack a heteroscedastic linear regression with error-in-

variables. Accordingly, that kind of sophisticated regression was not applied to the points. Also, 

note that the error in the computed weights was assymetrically distributed because of the 



 121 

cumulative inverse distribution function applied to presumably-normal error in the 

experimentally observed stay probabilities PS1 and PS2.  

I considered how to approximate or bound the regression behavior with 

heteroscedasticity taken into account. The effect of the point on a regression slope should be 

negligible if the standard deviation of a point were infinite.  

 Accordingly, one approach would be to simply omit the one or two points that were 

highest in weight, and test the hypotheses. Since such an approach would be approximate and, 

given the paucity of points (8 pairs of stay probabilities), would be likely to provide inconclusive 

information. However, I executed the errors-in-variables regression with seven (7) points and 

omitted the eighth point representing the highest weight for which the Bernoulli standard 

deviation was most heteroscedastic relative to the rest of the points. The tabulated results are 

shown in Table 11.  

Table  11 
 
7-Point Regression Results 
_____________________________________________________________________________ 
Regression            Coeff.  (S.E.)   [95% Conf Interval]    
 
OLS      Slope         2.196  (.33)    [1.35 – 3.05] 
OLS      Intercept    -.174  (.16)    [-.60  -   .25] 
R2 = .898 
 
Eivreg    Slope        2.257  (.30)    [1.50 -  3.02]     
Eivreg    Intercept   -.202  (.15)    [-.58  -  .18 ] 
R2 = .923   Alpha .9732 
_____________________________________________________________________________ 
 

 As expected, the 95% confidence interval is so wide that the 7-point results fail to reject 

any of the hypotheses. The results are consistent with linearity (2.0) of addition of influence 

weights and a Gaussian error in the experimental measurement of stay probability.  
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