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Abstract 

The paper argues that the most commonly used measure of self-complexity, Linville’s H 

statistic, cannot measure this construct appropriately. It first examines the mathematical 

properties of H and its relationships with five related indices: the number of self-aspects, the 

overlap among self-aspects, the average inter-aspect correlation, the ratio of endorsement, 

and the HICLAS attribute class number. Then, a demonstration study using simulations is 

reported. Three conclusions are drawn. H and the HICLAS attribute class number are similar 

in the way they are calculated. Both indices are highly related to the number of self-aspects, 

while their relationship to overlap is not monotonic. Overlap is affected by the ratio of 

endorsement and the average inter-aspect correlation but cannot represent the notion of 

redundancy among traits which directly determines Linville’s H statistic. These conclusions 

are employed to explain the inconsistent findings relating self-complexity and adaptation and 

an alternative measurement approach is proposed. 

Keywords: self-complexity, Linville’s H statistic, number of self-aspects, overlap, ratio of 

endorsement, average inter-aspect correlation, HICLAS attribute class number 
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Structural features of the self have received more and more attention in recent years not 

only because of their importance in understanding self processes but also because of their 

adaptational consequences (e.g., Campbell, Assanand, and Di Paula, 2003; Hattie, 1992; 

Marsh and Hattie, 1996). Among a variety of structural variables, Linville’s self-complexity 

has been of great interest to researchers in both social and clinical psychology. Linville (1985) 

defined self-complexity as a “function of two things: the number of aspects that one uses to 

cognitively organize knowledge about the self, and the degree of relatedness of these aspects” 

(p. 97). Greater self-complexity describes a self-structure which is represented in terms of a 

greater number of cognitive self-aspects and maintaining greater distinctions among 

self-aspects (Linville, 1985, 1987). In Linville’s self-complexity model, high self-complexity 

can both moderate mood swings and buffer the effect of stress on adaptation because in a 

more differentiated self-structure thoughts and feelings about an activated self-aspect are less 

likely to spill over to color thoughts and feelings about other self-aspects. 

Linville (1985, 1987) used a trait-sorting task to measure self-complexity. In this task, 

participants are supplied with 33 cards with a trait on each card, such as ‘individualistic’, 

‘organized’, etc. Their task is to sort these cards into groups, each group representing one 

aspect of the self. The number of self-aspect groups and the traits in each group are decided 

by participants. Participants only need to use those traits which are descriptive of themselves. 

In addition, if a trait is applicable to more than one aspect, participants can use it repeatedly.  

The obtained aspects * traits matrix of each participant is summarized by the statistic H, 

which is calculated as follows: 

nnnnH ii /)log(log 22 ∑−= .                             (1) 

Here, n is the total number of traits supplied (33 in Linville’s case), ni is the number of traits 

in the ith group combination, i = 1,… , 2k with k as the number of self-aspect groups, and n =  

∑ni. Each combination is constituted by combining groups to make it include traits uniquely 



                                             Measuring Self-Complexity                                                                                           4 

associated with a single group or the common traits uniquely used in two or more groups. 

When there are k groups formed, theoretically there will be k2 group combinations.  

According to Linville, the higher the H value, the greater is self-complexity. Linville 

(1987) stated “… high self-complexity results from having a large number of self-aspects that 

are non-redundant in terms of the features that describe them. Low self-complexity results 

either from having few self-aspects or from having many self-aspects that are highly 

redundant in terms of the features that describe them” (p. 666). Therefore, the H measure was 

regarded as a combined indicator of the number of self-aspects and the distinction among 

self-aspects: the greater the number of self-aspect groups created and the less redundancy (or 

overlap) of the features across these groups, the greater is the H score. Most studies using the 

H statistic to test Linville’s self-complexity model have taken this assumption for granted. 

However, this is not completely true as explained below and problems with the H measure of 

self-complexity have been partially responsible for the inconsistent findings across various 

studies in terms of its relationship with well-being (for reviews, see Koch and Shepperd, 2004; 

Rafaeli-Mor and Steinberg, 2002).  

Although a few studies have examined problems with the H statistic as a measure of 

self-complexity (e.g., Locke, 2003; Rafaeli-Mor, Gotlib, and Revelle, 1999; Rafaeli-Mor and 

Steinberg, 2002), this issue is still not clarified adequately. For example, Rafaeli-Mor et al. 

(1999) reported a positive relationship between H and the overlap among self-aspects, which 

is contradictory to Linville’s prediction. Locke (2003) demonstrated that the relationship 

between H and well-being might be confounded with the proportion of traits (positive or 

negative) endorsed and H was not an appropriate measure of spillover. However, there has 

been no adequate analysis of the mathematical properties of this statistic in conjunction with 

Linville’s conceptualization of self-complexity. We argue that such an analysis can explain 

why H cannot measure self-complexity appropriately from a mathematical perspective. Also 
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no examination has used simulation studies to clearly illuminate problems with the H statistic.   

In particular, this paper answers three questions. (1) What factors determine the value of the 

H statistic for trait-sorting data? (2) How exactly does the H statistic relate to the four 

indicators of trait-sorting data proposed by Linville herself and other researchers (e.g., 

Linville, 1987; Locke, 2003; Rafaeli-Mor et al., 1999)—the number of self-aspects, the 

overlap among self-aspects, the average inter-aspect correlation, and the ratio of endorsement? 

(3) How does the H statistic relate to another relatively often used self-complexity measure, 

the HICLAS attribute class number—the number of attribute classes represented in a 

hierarchical class model (e.g., Gara et al., 1993; Woolfolk et al., 1999; Woolfolk, Novalany, 

Gara, Allen, and Polino, 1995)? The current study first tackles these questions from a 

mathematical perspective and then a simulation study is presented to illustrate the 

relationships involved in questions 2 and 3. 

A Mathematical Analysis of Linville’s H Measure of Self-Complexity 

H and the Number and the Overlap of Self-Aspects 

The inconsistent findings in the literature about the relationship between self-complexity 

and well-being have motivated some researchers to examine how H is related to its two 

components. For example, in an empirical study, Rafaeli-Mor et al. (1999) analyzed the 

relationship of the H statistic to the number of self-aspects (NASPECTS) and the overlap 

among self-aspects (OL). NASPECTS was operationalized as the number of self-aspect 

groups formed in the trait-sorting task and OL was computed by using the following formula: 

 )1(*/)/)(( −= ∑ ∑ kkTCOL ii j ij .                          (2) 

Wherein Cij is the number of common traits in the ith and jth aspect, Ti is the total number of 

traits in the ith referent aspect, i is not equal to j (i, j = 1,... , k), and k is the number of 

self-aspect groups in a person’s sort. Thus, OL is the average ratio of the number of common 

traits between each self-aspect and each of the other self-aspects to the number of endorsed 
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traits in this self-aspect. 

Rafaeli-Mor et al. (1999) reported that H was positively correlated with both 

NASPECTS (r = .71) and OL (r = .24). The correlation between H and NASPECTS is similar 

to that (r = .72) reported by Linville (1987) while the correlation between H and OL is 

contradictory to Linville’s prediction that H is larger when there is less redundancy of traits 

across self-aspect groups. This unexpected relationship between H and OL was also reported 

in some other studies. For example, Luo and Watkins (2008) found a positive correlation (r 

= .43) between H and overlap, while Brown and Rafaeli-Mor (2000, cited in Rafaeli-Mor and 

Steinberg, 2002) found that H was unrelated to overlap. To solve this problem, some 

researchers suggested that in future studies the two components should be measured 

separately rather than using the single index of H (Lutz and Ross, 2003; Rafaeli-Mor et al., 

1999; Rafaeli-Mor and Steinberg, 2002). 

However, we argue that before any modifications are made to this measure of 

self-complexity, it is necessary to have a better understanding of the mathematical properties 

of H as a statistic for trait-sorting data. The formula 1 of H can also be reformulated in the 

following way when there are k groups formed in the trait-sorting task (Locke, 2003): 

))/(log)(/(
2

1
2∑

=

−=
k

i
ii nnnnH .                       (3) 

As described above, n is the total number of traits supplied, and ni is the number of traits in 

the ith group-combination (i = 1,… , 2k) when there are k groups formed. In particular, if a 

person forms 2 groups: g1 and g2, there will be four potential group combinations: gc1 (with 

traits describing g1 only), gc2 (with traits describing g2 only), gc1-2 (with traits describing 

both g1 and g2), and gcn (with traits not endorsed in the sorting task). Among the four 

potential group combinations, some may not have traits at all. For example, it is possible that 

no traits are specially used to describe g2, that is, gc2 is empty; if all traits are adopted, there 
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will be no traits in gcn (also see Linville, 1987, p. 666). Therefore, H is actually the average 

minus logarithm of the ratio of traits in each potential group combination to the base of 2. 

Based on this formula, it is not difficult to infer that in general the value of H is decided 

by the distribution of the n traits (ni / n) in the 2k potential group combinations. More 

specifically, the larger the number of potential group combinations and the more uniform the 

distribution of the n traits across these group combinations, the larger is the H value.  

The number of potential group combinations. There will be 2k potential group 

combinations when k self-aspect groups are formed. Therefore, when the number of 

self-aspect groups k increases, the H statistic will also tend to increase. When k ≤ n2log , the 

maximum value of H is k. For example, if there are 32 traits and the number of self-aspect 

groups is no more than 5, the maximum of H will be k ≤ 5 (2k ≤ 32). When k > n2log , the 

maximum of H is n2log . To continue the example above, when there are more than 5 

self-aspects, the maximum of H is 5 = 32log2 . In general, the maximum of H is equal to the 

smaller of k and n2log  (also see Scott, Osgood, and Peterson, 1979, p. 105-107).  

However, the increase of the number of groups (even when k ≤ n2log ) does not 

necessarily lead to the increase of H, because it is possible that many of the potential group 

combinations do not include traits. Therefore, the value of H is also decided by another factor, 

the uniformity of the distribution of the n traits (ni / n) across all potential group 

combinations.  

The distribution of traits across group combinations. No matter how many groups are 

formed, when all the n traits are equivalent and belong to one group combination, H will be at 

its minimum, 1log2 = 0. In other words, when no traits are endorsed or when all the traits are 

simultaneously endorsed in one or more groups, the H value will be zero. In contrast, the 

more uniformly the n traits are distributed in the 2k potential group combinations, the higher 
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is the H value. This point is demonstrated by the following two cases. 

When k ≤ n2log ( 2k ≤ n), if all the ni / n values across the 2k potential group 

combinations are equal, the H statistic will arrive at its maximum, k. Specifically, if there are 

only one group and two group combinations and the two values of ni / n are equal (i.e., half 

traits are endorsed to form one group and the remaining half are not endorsed), H will arrive 

at its maximum value, 0.5 )5.0log( 2− + 0.5 )5.0log( 2− = 2log2 = 1; when there are k = n2log  

groups and 2k = n group combinations, if each of the n traits is in each of n group 

combinations, H will arrive at its maximum value, k = n2log . When some potential group 

combinations are empty, the more group combinations with traits and the more uniform 

distribution of the traits in these group combinations, the larger is the H value. 

Obviously, the distribution of traits among all potential group combinations (ni / n) is 

influenced by overlap, which decides how the traits in each group are partitioned into 

different group combinations. However, unlike the expectations of Linville (1985, 1987), this 

does not mean that when overlap is smaller the values of ni / n will tend to be equal and the H 

statistic will tend to increase. In effect, if k ≤ n2log , only when the ratio of endorsement in 

each group is .50 and the overlap between any two groups is also .50, there can be a perfectly 

uniform distribution of all the traits in all group combinations. For example, as shown in 

Table 1, 32 traits are sorted into 2 groups, g1 and g2, which produce four group combinations, 

gc1, gc2, gc1-2, and gcn (with unendorsed traits). In order that the ratio of traits (ni / n) in 

each of the four group combinations is equal to 1/4 (8 traits in each group combination), we 

must have the ratio of endorsement in each of the 2 groups equal to .50 (16 traits in each 

group) and the ratio of common traits in each group is also .50 (8 common traits between the 

two groups). Further, when there are 3 groups, g1, g2, and g3, there will be 8 group 

combinations: gc1, gc2, gc3, gc1-2, gc2-3, gc1-3, gc1-2-3, and gcn. To make the ratio of 

traits in each of the 8 group combinations equal to 1/8, we need to have the ratio of 
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endorsement in each of the 3 groups equal to .50 (16 traits in each group) and the overlap 

between any two groups also .50 (8 common traits between any two groups). 

 

INSERT TABLE 1 ABOUT HERE 

 

When k > n2log (2k > n), there must be at least (2k - n) group combinations empty, and 

thus it is impossible that the values of ni / n are the same across all the 2k potential group 

combinations. In this case, when there are more group combinations with traits and the 

distribution of the traits in these group combinations is more uniform, the larger is the H 

value. In particular, when there are n of the 2k group combinations with one trait in each 

combination, the H statistic is the largest and equal to n2log . Because the n group 

combinations each with one trait can be different in terms of the specific groups constituting 

each group combination, different overlapping degrees among the k groups may lead to the 

same H value. In this case, however, again neither the smaller nor the larger overlap will lead 

to the more uniform distribution of the n traits in the 2k group combinations and thus the 

larger H value. 

To sum up, (1) H tends to increase when the number of self-aspects increases; and (2) H 

is influenced by the overlap among self-aspects but this relationship is not monotonic. 

H and the Average Inter-Aspect Correlation and the Ratio of Endorsement 

The average inter-aspect correlation represents the consistency of the descriptiveness of 

all the supplied traits across self-aspects. The average inter-aspect correlation has been used 

as an indicator of self-concept fragmentation (referred to as self-concept differentiation by 

Donahue, Robins, Roberts, and John, 1993), describing the consistency of personality 

characteristics (traits) across different roles. High self-concept fragmentation is regarded as 

indicating the lack of integration in the self-structure (e.g., Lutz and Ross, 2003; Rafaeli-Mor 
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and Steinberg, 2002), reflecting a divided self (James, 1902) or an interpersonal chameleon 

who has no internal reference which can affirm his continuity and self-integrity (Block, 1961). 

To obtain fragmentation, participants are asked to rate the application of a list of traits to 

several social roles, and then the average correlation of the trait application ratings between 

each pair of roles is calculated as a measure of fragmentation, a high correlation reflecting 

low fragmentation but high integration (e.g., Campbell et al., 2003).  

The overlap among self-aspects can be statistically related to the average inter-aspect 

correlation of trait-sorting data, but their relationship may be affected by the ratio of 

endorsement, the ratio of the number of endorsed traits in each group to the number of all the 

traits supplied. Overlap only concerns the consistency of the endorsed traits, while the 

average inter-aspect correlation concerns the covariance of the entire distribution of all traits 

(endorsed and unendorsed traits) across groups. When the proportion of endorsed (or 

unendorsed) traits is fixed, overlap will be highly correlated with the average inter-aspect 

correlation. When the proportion of endorsed traits is variable, the relationship between 

overlap and the average inter-aspect correlation may be affected. Specially, when the 

endorsed traits are randomly arranged in two groups, the correlation between the two groups 

is close to zero, while the overlap of endorsed traits will tend to increase when the ratio of 

endorsement is increased. For example, when the ratio of endorsement is .20 in each of two 

groups, then based on chance, the ratio of common endorsed traits between them will be 

around .20 * .20 = .04, so using Rafaeli-Mor et al.’s (1999) formula, the overlap of endorsed 

traits between them will be around (.04 / .20 +.04 / .20) / 2 = .20. When the ratio of 

endorsement is .50, based on chance, the ratio of common endorsed traits between them will 

be around .50 * .50 = .25, so the overlap of endorsed traits between them will be around (0.25 

/ .50 + 0.25 / .50) / 2 = .50. Therefore, the ratio of endorsement and the average inter-aspect 

correlation will work together to influence overlap and then indirectly affect the H value. 
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H and the HICLAS Attribute Class Number 

In the literature of self-complexity, another approach to the measurement of 

self-complexity utilizes the HICLAS attribute class number (e.g., Gara et al., 1993; Woolfolk 

et al., 1999; Woolfolk et al., 1995). To obtain this index, participants usually rate each 

self-aspect for each attribute in a checklist, then each individual’s ratings are formed into a 

targets (rows) * attributes (columns) matrix. According to the patterns of attribute 

co-occurrence across different targets (self-aspect groups), the traits are partitioned into 

various classes in a hierarchy by using a clustering program, HICLAS (HIerarchical 

CLASses, DeBoeck and Rosenberg, 1988). The index of self-complexity is the number of 

attribute classes linked to self-aspects in a hierarchy. The larger the number of attribute 

classes, the greater is the complexity of the self-structure.  

What is the relationship between the HICLAS attribute class number and the H measure? 

Although some researchers (e.g., Gara et al., 1993; Woolfolk et al., 1995) mentioned that the 

HICLAS attribute class number was computationally analogous to the H statistic, how 

exactly they are related to each other from a mathematical perspective is not known. 

According to the hierarchical classes model (e.g., DeBoeck and Rosenberg, 1988; 

Rosenberg, Van Mechelen, and De Boeck, 1996), all the attributes in the same class are those 

describing the same target or targets, and the more superordinate the attribute class in a 

hierarchy, the more general are the traits in this class which are applicable to more 

self-aspects. Thus, all the group combinations with endorsed traits obtained in a trait-sorting 

task can be represented in a hierarchy. As shown in Figure 1, in the case where there are only 

three self-aspect groups (targets), g1, g2 and g3, the combination gc1-2-3 formed by traits 

(attributes) applicable to all three groups is the most superordinate attribute class, the 

combinations gc1-2, gc1-3 and gc2-3 with traits applicable to both g1 and g2, g1 and g3, and 

g2 and g3, respectively, will be the lower classes, and so on. When a HICLAS hierarchy can 
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completely represent an observed self-aspect groups * traits matrix, the HICLAS attribute 

classes are the group combinations which include endorsed traits in the calculation of H, and 

the HICLAS attribute class number is just the count of the group combinations with endorsed 

traits. 

 

INSERT FIGURE 1 ABOUT HERE 

 

Following this argument, it is easy to reason that the relationship of H to the number and 

the overlap of self-aspects is also applicable to the HICLAS attribute class number. When 

there are more self-aspects, there are more potential group combinations, among which the 

number of group combinations with endorsed traits should also tend to increase, and thus, the 

HICLAS attribute class number will tend to increase. 

Like the H statistic, the HICLAS attribute class number is also influenced by overlap. 

Also, it is neither when overlap is the smaller nor the larger that the endorsed traits will be 

partitioned in more group combinations and the HICLAS attribute class number will be larger. 

As described above, when the number of groups k ≤ n2log , if the n attributes are uniformly 

distributed in the 2k group combinations, H will be at its maximum, k. In this case, the 

maximum of HICLAS attribute class number is 2k -1, 1 standing for the combination with 

unendorsed traits. However, it cannot be assumed that when there are more HICLAS attribute 

classes, the H value must be larger, because even if both the number of endorsed traits and 

the HICLAS attribute classes are the same for two individuals, the distribution of the 

endorsed traits across these classes may be different, and so does the H value. Specifically, 

when the HICLAS attribute class number arrives at the maximum, 2k -1, we can only say that 

it is possible that H will also arrive at its maximum k, because we cannot assure that all the n 

traits are uniformly located in the 2k group combinations. When k > n2log , the maximum of 
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the HICLAS attribute class number is n when n traits are all endorsed and located in n group 

combinations. Again, in this case we can only say that when there are more HICLAS attribute 

classes the H statistic will tend to be larger, because H also depends on the distribution of the 

n traits in the classes with endorsed traits and the group combination with unendorsed traits. 

Since the HICLAS attribute classes do not include the group combination with unendorsed 

traits, when no traits are endorsed (the extreme case), the HICLAS attribute class number will 

be at its minimum, zero. 

To sum up, when a HICLAS hierarchy can completely represent a self-aspect groups * 

trait matrix the HICLAS attribute classes are group combinations with endorsed traits in the 

calculation of the H statistic, while the latter is also influenced by the distribution of the 

endorsed traits across the HICLAS attribute classes and the ratio of unendorsed traits. 

A Simulation Study 

Following the mathematical analysis of the H statistic above, this study aimed to use 

simulated trait-sorting data to clearly illustrate the relationship between the two 

self-complexity measures, the H statistic and the HICLAS attribute class number (NCLAS), 

and their relationships to the number of self-aspects (NASPECTS), overlap (OL), and 

average inter-aspect correlation Phi (PHI_CORR). Since overlap may be affected by the ratio 

of endorsement (ENDS_R, the ratio of the number of endorsed traits in each self-aspect 

group to the number of all supplied traits), all the relationships were examined in two data 

sets: one where the ratio of endorsement was fixed and the other where the ratio of 

endorsement was variable.  

Based on the mathematical analysis above, it was predicted that (1) H would be highly 

correlated with NCLAS in both data sets; (2) both H and NCLAS would be highly and 

positively correlated with NASPECTS in the two data sets; (3) both H and NCLAS would be 

related to OL in the two data sets but the relationship would not be monotonic; and (4) both H 
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and NCLAS would be related to PHI_CORR only in data set 1, but the relationship would 

also be non-monotonic.  

Data Generation 

The data were “0, 1” matrices (k * n), where n, the number of traits, is 60, and k is the 

number of self-aspect groups varying from 2, 4, 6 to 8; 0 stands for unendorsed traits, and 1 

stands for endorsed traits. The data were generated in Excel 2003. 

In data set 1, the ratio of endorsement (ENDS_R) in each group was set to be .50 by 

using the formula for generating random data in Excel, e.g., g1=IF (RAND() > 0.5, 1, 0). For 

each specific number of groups, 9 ratios of common traits (OL_R) were used to set overlap, 

indicated as 1, 2, to 9 standing for 10%, 20%, to 90%. For example, to set OL_R of group2 

with group1 to be around 90%, the following formula was used: g2 = IF (RAND() > 0.1, g1, 

1-g1). In the matrix with 2 groups, the second group was generated to make it have a specific 

ratio of common traits with the first group. In the matrix with 4, 6, and 8 groups, every next 

group was generated to make it have a specific ratio of common traits with the last generated 

group. For each of the 9 ratios of common traits the matrix was generated 10 times and 360 

matrices (4 numbers of groups * 9 ratios of common traits * 10 times) were obtained. 

In data set 2, the traits were randomly endorsed in all groups, and 9 ratios of 

endorsement (ENDS_R) in each group varying from 10%, 20%, to 90% were used to set the 

9 ratios of common traits (OL_R) indicated as 1, 2, to 9, and overlap. Again, for each of the 9 

ratios of endorsement, the matrix was generated 10 times, and there were 360 matrices (4 

numbers of groups * 9 ratios of endorsement * 10 times). 

The H value was calculated through the H-Comp program (Nielsen, 1996), which is 

based on the formula of Linville (1985, 1987). The HICLAS attribute class number (NCLAS) 

was obtained by using the most updated version (personal communication with Eva 

Ceulemans, 2006) of the HICLAS program (DeBoeck and Rosenberg, 1988). When using 



                                             Measuring Self-Complexity                                                                                           15 

this program to obtain NCLAS, the highest rank was set to be the number of groups to obtain 

a complete representation of original data. Overlap was computed by using the formula of 

Rafaeli-Mor et al. (1999). In addition, the average ratio of endorsed traits across 2, 4, 6 or 8 

groups (ENDS_AR) and the average inter-aspect correlation Phi (PHI_CORR) were also 

calculated. 

Results from Data Set 1 

The descriptive statistics of all the variables in data set 1 are presented in Table 2. The 

number of self-aspects (NASPECTS) was 2, 4, 6, or 8; the ratio of common traits (OL_R) 

varied from 1 to 9, standing for 10% to 90%, respectively. The average ratio of endorsement 

across 2, 4, 6 or 8 groups (ENDS_AR) changed slightly around .50, with a mean of .50; the 

average inter-aspect Phi correlation (PHI_CORR) changed from -.87 to 1.00, with a mean 

of .06; overlap (OL) ranged from .03 to 1.00, with a mean of .53; the H statistic ranged from 

1.00 to 5.81 (smaller than 60log2 = 5.91), with a mean of 3.54; and the HICLAS attribute 

class number (NCLAS) ranged from 1 to 57 (less than 60), with a mean of 20.78. 

 

INSERT TABLE 2 ABOUT HERE 

 

The correlations among these variables in data set 1 are shown in Table 3. H and 

NCLAS were highly correlated with each other (r = .96). NASPECTS was highly correlated 

with both H (r = .87) and NCLAS (r = .87). The ratio of common traits (OL_R, varying from 

1 to 9) was highly correlated with both OL (r = .87) and PHI_CORR (r = .89), and OL was 

highly correlated with PHI_CORR (r = .99). Neither OL nor PHI_CORR was significantly 

correlated with either H or NCLAS.  
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INSERT TABLE 3 ABOUT HERE 

 

Based on the analysis above, the relationship between OL and either H or NCLAS is not 

monotonic. To understand the relationships of OL to H and NCLAS more closely, two 

two-way ANOVAs were conducted, with H and NCLAS as a dependent variable, 

respectively. The two independent variables were NASPECTS (4 levels: 2, 4, 6, 8) and OL_R 

(9 levels: 1 to 9).  

In general, the results of ANOVA were similar between H and NCLAS. The main 

effects of both NASPECTS (H: F(3, 324) = 6312.41, p < .001; NCLAS: F(3, 324) = 6277.42, 

p < .001) and OL_R (H: F(8, 324) = 568.04, p < .001; NCLAS: F(8, 324) = 388.54, p < .001), 

and the interaction effect between NASPECTS and OL_R (H: F(24, 324) = 33.6, p < .001; 

NCLAS: F(24, 324) = 90.00, p < .001) were significant on both dependent variables. 

To understand the interaction effect, for each specific group number the relationships of 

OL_R to H and NCLAS are illustrated in Figure 2. As shown in Figure 2a, when NASPECTS 

was 2, 4, 6, or 8, the relationship between H and OL_R was an inverted U curve. When 

OL_R was around 5 (OL was around .50), H was the maximum. Additionally, when there 

were more groups, the curve became steeper and the H value tended to be larger. Like H, the 

relationship between NCLAS and OL_R was also essentially an inverted U curve except 

when the number of self-aspects was 2 (see Figure 2b). When there were only two groups, the 

relationship was shown as a straight line because there were traits in almost each of the four 

group combinations, and almost all the NCLAS values were 3. 

 

INSERT FIGURE 2 ABOUT HERE 

 

Results from Data Set 2 
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The descriptive statistics of all the variables in data set 2 are presented in Table 2. The 

number of self-aspects (NASPECTS) was 2, 4, 6, or 8. In data set 2, the 9 ratios of common 

traits (OL_R) ranging from 1 to 9 corresponded to the 9 ratios of endorsement (ENDS_R) 

ranging from 10% to 90%. The average ratio of endorsement across groups (ENDS_AR) 

changed from .07 to .93, with a mean of .50; the average inter-aspect Phi correlation 

(PHI_CORR) varied slightly around .00, with a mean of -.01; overlap (OL) ranged from .00 

to .93, with a mean of .50; H ranged from .69 to 5.79 (smaller than 60log2 = 5.91), with a 

mean of 3.36; and the HICLAS attribute class number (NCLAS) ranged from 2 to 56 (less 

than 60), with a mean of 19.81. 

The correlations among variables in data set 2 are shown in Table 3. H and NCLAS 

were highly correlated with each other (r = .95). NASPECTS was highly correlated with H (r 

= .82) and NCLAS (r = .85). The ratio of common traits (OL_R, varying from 1 to 9) was 

highly correlated with the average ratio of endorsement across 2, 4, 6 or 8 groups (ENDS_AR, 

r = .99) and OL (r = .98). At the same time, OL was only slightly correlated with PHI_CORR 

(r =.17), and was not significantly correlated with either H or NCLAS. PHI_CORR was 

slightly correlated with H (r = .11) and not significantly correlated with NCLAS. 

In data set 2, both H and NCLAS were again subjected to a two-way ANOVA with 

NASPECTS (2, 4, 6, and 8) and OL_R (varying from 1 to 9) as two independent variables. 

Like those found in data set 1, the main effects of NASPECTS (H: F(3, 324) = 5352.46, p 

< .001; NCLAS: F(3, 324) = 5701.48, p < .001) and OL_R (H: F(8, 324) = 780.40, p < .001; 

NCLAS: F(8, 324) = 474.44, p < .001) and the interaction effect between NASPECTS and 

OL_R (H: F(24, 324) = 25.04, p < .001; NCLAS: F(24, 324) = 105.15, p < .001) were 

significant on both H and NCLAS. 

The interaction effects on H and NCLAS are illustrated in Figure 3. Again, no matter 

whether there were 2, 4, 6 or 8 self-aspect groups, the relationship between OL_R and H was 
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shown as an inverted U curve. When OL_R was around 5 (OL was around .50), H was the 

maximum. Also, when there were more groups, the curve was steeper and the H value tended 

to be larger. Except when there were 2 groups, the relationship between OL_R and NCLAS 

was also in an inverted U shape. When the number of groups was 2, again the relationship 

between OL_R and NCLAS looked like a straight line because almost all the values of 

NCLAS were 3. 

 

INSERT FIGURE 3 ABOUT HERE 

 

General Discussion 

This research tried to clarify measurement issues concerning the most frequently used 

self-complexity measure, Linville’s H statistic. In combination with the conceptualization of 

self-complexity, it first analyzed the mathematical properties of the H measure and its 

relationships to five other indictors of trait-sorting data proposed by self-complexity 

researchers: the number of self-aspects, the overlap among self-aspects in terms of their 

descriptive traits, the average inter-aspect correlation, the ratio of endorsement, and the 

HICLAS attribute class number. Then a simulation study was undertaken and its results 

supported the relationships found in the mathematical analysis of the H measure. Since 

Linville’s H statistic is the most frequently adopted measure of self-complexity and as found 

in the current study the other self-complexity index—the HICLAS attribute class number—is 

similar to H in its calculation, the following discussion will focus on the H statistic. It will 

discuss how the findings of this research can help explain the inconsistent results obtained in 

the literature of self-complexity (for reviews, see Koch and Shepperd, 2004; Rafaeli-Mor and 

Steinberg, 2002) and why the H statistic is not appropriate for measuring self-complexity as 

conceptualized by Linville (1985, 1987). 
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The high correlation between H and the number of self-aspects has also been reported in 

several empirical studies. For example, in McConnell et al. (2005), the correlation rs ranged 

from .85 to .89; in Linville’s (1985) Study 1, r = .69, in Study 2, r = .65; in Linville (1987), r 

= .72; in Campbell, Chew, and Scratchley (1991), r = .86; and in Rafaeli-Mor et al. (1999), r 

= .71. The high correlation between H and the number of self-aspects is consistent with 

Linville’s proposition that higher self-complexity involves representing the self in terms of 

more self-aspects. However, when measuring self-complexity, some studies asked subjects to 

generate their own self-aspects through a trait-sorting task (e.g., Hershberger, 1990; Kalthoff 

and Neimeyer, 1993; Linville, 1982, 1985, 1987; Morgan and Janoff-Bulman, 1994; Salovey, 

1992; Showers, Ambramson, and Hogan, 1998), while others preset self-aspects (Gara et al., 

1993; Jordan and Cole, 1996; Locke, 2002; Woolfolk et al., 1999). Therefore, whether 

self-aspects were preset may be one of the reasons for the inconsistent results found in 

various studies to test self-complexity model. 

In addition, it should be noted that in studies which did not preset self-aspects, the 

construction of the trait list, including both the number and the appropriateness of the traits, 

might influence the number of self-aspects generated. For example, a small number of 

unrelated traits may constrain the self-aspects generated by participants, while a large number 

of relevant traits may stimulate participants to generate more self-aspects. Therefore, the 

different trait lists used across studies may be another reason for the inconsistent results in the 

literature of self-complexity by affecting the number of self-aspects and the H value. 

In both data sets, no significant linear relationships were found between H and overlap. 

When the means of H against overlap were plotted (Figures 2 and 3), their relationship was 

shown as an inverted U curve. When overlap was around .50, the H value was the maximum. 

Based on the relationship between overlap and H, it is not difficult to understand why some 

researchers found that H was positively correlated with overlap (Luo and Watkins, 2008; 
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Rafaeli-Mor et al., 1999) or not correlated with overlap (Brown and Rafaeli-Mor, 2000, cited 

in Rafaeli-Mor and Steinberg, 2002). 

The curved relationship between H and overlap contradicts Linville’s prediction that H 

should decrease when overlap increases. This contradiction may be explained in terms of the 

different representation models underlying these measures. The H measure is derived from 

information theory (Attneave, 1959; Miller, 1953) and has been used primarily to 

operationalize cognitive complexity or differentiation (Scott et al., 1979). In information 

theory, suppose we have m possible outcomes for a response. Every time a message reduces 

the number of outcome alternatives to half, one unit of information (H = ))2//((log2 mm =1) 

is transmitted by this message. When the probability is equal (pi =1/m, i = 1,… , m) for each 

of m alternatives, an alternative will be chosen independently (i.e., no redundancy) for a 

response and the greatest amount of information (H = )1/(log2 m = i2 plog− , i = 1,… , m) will 

be needed to decide which alternative should be chosen. When the probability is unequal for 

each of the m alternatives, the information required to decide an alternative for a response is 

the average amount of information needed to select each of all the m response alternatives, 

that is the sum products between pi and i2 plog− across all m alternatives (also see formula 3). 

In cognitive research, H is used to measure the complexity of cognitive structure 

represented as the multidimensional space (Scott, 1969). Also, “the dimensionality is defined 

as the number of ‘dimensions-worth’ of space utilized by the attributes with which a person 

comprehends the domain” (p. 263). When there are more dimensions among attributes 

required to represent objects, the differentiation or complexity (H) is higher. In effect, these 

dimensions are the group combinations with attributes applicable or not applicable to these 

objects, and they are also the counterpart of possible outcomes in information theory, that is, 

each dimension defines one possibility in terms of which dimension an attribute belongs to. 

When H is used in Linville’s trait-sorting task, similarly, it tends to be larger when there 
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are more dimensions (i.e., group combinations including traits endorsed or unendorsed) 

underlying the provided traits. In addition, as we described in the mathematical analysis of 

this statistic, when the number of group combinations with traits is identical for two 

individuals, H is larger for the one who has more uniform distribution of traits in these group 

combinations. In effect, as described in the analysis above, when the hierarchical model can 

represent the aspects * traits data completely, the HICLAS attribute class number is just the 

number of dimensions with endorsed traits (not including the dimension with unendorsed 

traits). But because when there are more group combinations with traits the ratios of traits in 

these dimensions also tend to be more uniform, the value of H is mainly determined by the 

number of group combinations with traits. This is why in this simulation study we found that 

H was highly correlated with the HICLAS attribute class number. When k self-aspect groups 

are formed in the trait sorting task, if the number of traits in all 2k potential group 

combinations is the same, it means that the traits are independently assigned to these potential 

group combinations. For an extreme case, if each of the n traits is assigned to each of n group 

combinations, then the n traits are completely independent. In contrast, when there are fewer 

group combinations with traits and more deviated ratios of traits in these group combinations, 

each trait will be less independently assigned to one of these 2k potential group combinations 

(with or without traits). In other words, there is more repeated information (redundancy) 

among the traits. Therefore, when H is used in a trait sorting task to indicate self-complexity, 

“redundancy” means the repeated information among traits in terms of how independently 

each trait can be assigned to the potential group combinations. The larger the redundancy 

among traits, the smaller is the H value. 

Knowing what the H statistic for trait-sorting data measures, we can understand why 

neither perfect overlap nor zero overlap leads to the maximum value of H. According to 

Linville’s (1987) conceptualization of self-complexity, greater self-complexity involves a 
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larger number of perceived self-aspects and also higher cognitive distinctions among 

self-aspects. If the H statistic can be used to indicate self-complexity, a larger H should 

reflect both a larger number of self-aspects and larger distinctions. If we use the low overlap 

among self-aspects in terms of their descriptive traits to describe the high average distinction, 

H should be negatively correlated with overlap. However, H, measuring the redundancy 

among traits in terms of how independently a trait can be put into a group combination, is 

monotonically affected by overlap, which reflects the redundancy among self-aspect groups.  

As Rafaeli-Mor et al. (1999) pointed out, the two components of self-complexity may better 

be understood as a categorical approach to self-knowledge: the number of categories and the 

similarity among categories. If it is better to represent Linville’s conceptualization of 

self-complexity in a categorical model, the two components of Linville’s self-complexity 

should better be measured separately. However, can high overlap among self-aspects in terms 

of their descriptive traits be used to indicate low cognitive distinction among self-aspects? 

Some researchers have suggested that overlap should reflect the integrity of 

self-structure (e.g., Lutz and Ross, 2003; Rafaeli-Mor and Steinberg, 2002), but this was only 

partly supported by the current study. Here it was shown that overlap was influenced by at 

least two factors: the average inter-aspect correlation and the ratio of endorsement. In data set 

1 of this simulation study, when the ratio of endorsement was set to be .50, overlap was 

highly correlated with the average inter-aspect correlation Phi which is a way to calculate 

self-concept fragmentation, an integration variable. This contrasted with data set 2. When the 

ratio of endorsement was increased from 10% to 90%, overlap increased too, but the average 

inter-aspect correlation Phi changed little from zero because the traits were randomly 

distributed in different self-aspect groups. If the average inter-aspect correlation obtained in 

the trait-sorting task can be taken as an index of self-concept fragmentation, an integrity 

variable of self-concept, overlap obtained in the trait-sorting task may not completely reflect 
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the integrity of self-structure because it may also be affected by the ratio of endorsement in 

each self-aspect group. For example, our recent study (Luo, Watkins, and Lam, 2008) found 

that overlap was not significantly correlated with self-concept clarity, another integration 

variable. Based on these results, it is suggested that overlap obtained in a trait sorting task 

neither be used to measure the distinction component of self-complexity as conceptualized by 

Linville (1985, 1987), nor the integrity of the self.  

Since overlap is influenced by the ratio of endorsement, it may also be sensitive to the 

construction of the trait list, including the total number of traits and the appropriateness of the 

traits for subjects. For example, a short list of relevant traits may lead to a large ratio of 

endorsed traits, which may further lead to a large overlap. Because the H statistic was 

affected by overlap, the sensitivity of overlap to the trait list may be another reason to explain 

the inconsistent results across self-complexity studies. The relationship between overlap and 

the ratio of endorsement may also help explain the finding by Locke (2003) that the 

relationship between H and well-being was confounded with the proportion of traits endorsed 

when self-aspects were fixed. 

Some researchers may suggest using the average inter-aspect correlation to measure the 

distinction component of self-complexity. However, as mentioned above, this index is a way 

to indicate integration, while self-complexity is essentially a differentiation variable (Linville, 

1985; Rafaeli-Mor and Steinberg, 2002). To measure self-complexity, Evans (1994) used a 

self-report measure to directly tap the cognitive interrelatedness of different self-aspects. 

Subjects were given some aspects and asked to rate the change of their feelings about each 

self-aspect when they imagined that one aspect was changed. The less the overall change, the 

higher was self-complexity. Stein (1994) also used a similar rating method to measure the 

independence among different personality characteristics, which was one factor of his 

conception of self-complexity. Relative to the trait approach to indirectly infer the cognitive 
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distinctiveness among self-aspects, this self-report method may be a good way to measure the 

distinction component of self-complexity.  

As the analyses reported in this paper have identified weaknesses with the currently 

most frequently used measure of self-complexity, the authors have been working on the 

development and construct validation of a new measure. There is no space to discuss this 

development adequately here but this new measure is briefly described below. In our recent 

research, a computerized measure of self-complexity was developed which first used a trait 

sorting task to generate personal self-aspects and then employed a self-report rating task to 

obtain the average distinction among these self-generated aspects. The trait-sorting task, 

similar to Linville’s (1985, 1987), was used to generate personal self-aspects only. The 

generated idiosyncratic aspects were then rated by each participant in the distinction rating 

task, in which participants were instructed to think about some positive or negative 

happenings which affected their feelings about each self-aspect and rate the general change of 

their feelings about other self-aspects. The rating was based on a 5-point scale, ranging from 

1 no change at all to 5 as much change as the referent aspect. The average distinction was 

calculated for each participant across all personal self-aspects regardless of the number. In a 

validation study (Luo et al., 2008), non-significant correlation (r = .05) was found between 

the average distinction and impression management, showing that this self-report measure of 

distinction is not confounded with conscious social desirability. In addition, the number and 

the distinction measures were relatively independent (r = .18) and showed different 

correlational patterns with self-concept clarity, self-monitoring, self-esteem, attributional 

complexity, and the positivity of trait sorts, which indicates that the two components should 

indeed be measured separately and the average distinction seems to be the more powerful 

indicator of self-complexity. 
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Table 1  

Two Examples to Show Traits Distribution When H is at Its Maximum 

32 traits, 

2 groups 

group combination gc1 gc2 gc1-2 gcn     

number of traits 8 8 8 8     

group and common traits g1 g2 ct1-2      

number of traits 16 16 8      

32 traits, 

3 groups 

group combination gc1 gc2 gc3 gc1-2 gc1-3 gc2-3 gc1-2-3 gcn 

number of traits 4 4 4 4 4 4 4 4 

group and common traits g1 g2 g3 ct1-2 ct2-3 ct1-3   

number of traits 16 16 16 8 8 8   

Note. gc = group combination; gcn = the group combination with unendorsed traits; g = 

group; ct = common traits between two groups. 
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Table 2 

Descriptive Statistics of Variables in Data Sets 1 and 2 

 NASPECTS OL_R ENDS_AR PHI_CORR OL H NCLAS 

Data set 1        

N 360 360 360 360 360 360 360 

Minimum 2 1 .35 -.87 .03 1.00 1 

Maximum 8 9 .64 1.00 1.00 5.81 57 

Mean 5.00 5.00 .50 .06 0.53 3.54 20.78 

Std. Deviation 2.24 2.59 .04 .34 0.17 1.39 16.35 

Data set 2        

N 360 360 360 360 360 360 360 

Minimum 2 1 .07 -.31 .00 .69 2 

Maximum 8 9 .93 .20 .93 5.79 56 

Mean 5.00 5.00 .50 -.01 .50 3.36 19.81 

Std. Deviation 2.24 2.59 .26 .07 .27 1.48 16.09 

Note. NASPECTS = number of self-aspect groups; OL_R = ratio of common traits; 

ENDS_AR = average ratio of endorsement across groups; PHI_CORR = average inter-aspect 

correlation Phi; OL = Rafaeli-Mor et al.’s overlap measure; H = Linville’s H measure; 

NCLAS = HICLAS attribute class number. 
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Table 3 

Correlations among Variables in Data Sets 1 and 2 

 NASPECTS OL_R ENDS_AR PHI_CORR OL H NCLAS 

NASPECTS --- .00 -.01 .07 .06 .87*** .87*** 

OL_R .00 --- -.03 .89*** .87*** .01 -.01 

ENDS_AR .00 .99*** --- -.03 .12* -.01 -.02 

PHI_CORR .09 .03 .04 --- .99*** -.02 -.04 

OL .01 .98*** .99*** .17** --- -.03 -.04 

H .82*** .00 .00 .11* .02 --- .96*** 

NCLAS .85*** .03 .02 .08 .04 .95*** --- 

Note. The data above and below the diagonal are correlations in data set 1 and data set 2, 

respectively. NASPECTS = number of self-aspect groups; OL_R = ratio of common traits; 

ENDS_AR = average ratio of endorsement across groups; PHI_CORR = average inter-aspect 

correlation Phi; OL = Rafaeli-Mor et al.’s overlap measure; H = Linville’s H measure; 

NCLAS = HICLAS attribute class number. 

* p < .05, ** p < .01, *** p < .001. 
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Figure Captions 

Figure 1. Hierarchical representation of the group combinations of 3 groups. 

Note. The traits in every rectangular belong to a group combination. For example, the traits in 

group combination gc1-2 are exclusively applicable to both g1 and g2; the traits in group 

combination gc1 are exclusively applicable to only g1. 

Figure 2. Relationships of H and NCLAS to NASPECTS and OL_R in data set 1. 

Figure 3. Relationships of H and NCLAS to NASPECTS and OL_R in data set 2. 
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 b. NCLAS to NASPECTS and OL_R 
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