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FIGURE 5 

Career path of a person as movement over a grid 
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Assuming a uniform movement towards the "upper left corner" and the recording of 16 
sampling points, the resulting sequence of "visited boxes" would look somewhat like the 
following (a "box" may appear more than once as the person stays in that "box" during several 
years): 

9 → 9 → 9 → 9 → 8 → 8 → 5 → 5 →5 →5 →5 → 5 → 4 → 4 → 1→ 1 
 

The information content of this sequence of events can now quite easily be calculated 
according to Equation 1 and amounts to 2.35 bit for the presented example. 
Although Shannon’s definition of the information content is one of the most widely used 
calculations for a sequence of values, it has some serious shortcomings, one of the most 
important lying in the fact that any sequence containing the same symbols as the example 
presented above yields the same result of 2.35 bit, such as the following one which would 
however imply a more complex career pattern: 
 

9 → 1 → 9 → 5 → 9 → 5 → 8 → 5 → 8 → 5 → 9 → 4 → 5 → 5 → 4 → 1 
 

We therefore face the question how the idea of information content can be extended to taking 
the dynamic order of a career path into account. One solution proposed for this problem is the 
so-called algorithmic entropy 

The Algorithmic Entropy 
The fundamentals of algorithmic entropy are based on work in the field of algorithmic 
information theory (Chaitin, 1974; Kolmogorov, 1965; Zvonkin & Levin, 1970), which 
determines the information content of a sequence of values by the information content 
necessary to completely describe the sequence. 
The square root of two, for example, is a number with infinitely many decimals that produce 
an extremely complex sequence of digits. Nonetheless the square root of two can be 
calculated using a quite simple algorithm: 

Equation 2: 
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In order to calculate the square root of a, an arbitrary x is assumed as the correct result 
in a first step. Entering both a and x into the equation yields a new x that is again 
entered into the equation, and so on. For a large n, the value of x converges towards 
the square root of a. 
 

Algorithmic information theory is based on these ideas, assuming that a rather simple 
algorithm is able to describe and/or produce complex (but still ordered!) structures. Put in a 
somewhat simplifying way, the algorithmic entropy of a sequence is defined by the minimum 
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length of an algorithm that can (re)produce the original sequence. Sequences that show 
patterns of ordered complexity can normally be put down to simpler algorithms, but in the 
case of a random sequence, the necessary algorithm is just as complex as the sequence itself, 
and maximum algorithmic entropy is attained (Hubermann & Hogg, 1986). 
Software that is used to compress files works on a similar basis – the compressed file is an 
algorithm that is able to reproduce the original file. The Grammar Complexity algorithm is an 
example for such a compression algorithm (Ebling & Jiménez-Montano, 1980; Jiménez-
Montano, 1984; Rapp, Jiménez-Montano, Langs, Thomson, & Mees, 1991). Unlike the 
algorithm presented above that determines the square root of any given number a, the 
Grammar Complexity algorithm does not attempt to "grasp" the content of the whole 
sequence with a short formula. It can therefore on the one hand be applied for any sequence of 
numbers, even if the "best" algorithm that describes the whole original sequence with a 
minimum of information content is unknown. On the other hand, the values of algorithmic 
entropy obtained by applying the Grammar Complexity algorithm are "upper bound" values – 
with another algorithm (which cannot always be found, however), the algorithmic entropy of 
the sequence might be lower. 

Grammar Complexity 
The Grammar Complexity algorithm can probably be most easily explained via an example, 
which is why we turn once more to the career path of our virtual person shown in Figure 5. 
Writing down the indices of the boxes the person enters and/or crosses during his or her 
career path results in the sequence of numbers already seen above, which shall be called x: 
 
 x = 9 9 9 9 8 8 5 5 5 5 5 5 4 4 1 1 
 
The algorithm now looks for pairs of symbols that repeat themselves in the sequence more 
than twice1 and replaces these by another symbol, the meaning of which is entered into a 
"symbol registry". When there are no pairs left that appear more than twice, the algorithm 
looks for triples, then for quadruples, and so on. When no more replacement is possible, the 
algorithm stops. 
For the given sequence, the string (9 9) appears twice, which doesn’t make it eligible for 
compression (see endnote 1). The string (5 5), however, appears three times and is therefore 
replaced by another symbol a, which is entered into the symbol registry: 
 
 x = 9 9 9 9 8 8 a a a 4 4 1 1 
 a = 5 5 
 
As there are no more pairs that appear more than twice in the sequence, the algorithm now 
looks for triples. For the given sequence, there is no triple that appears more than once, 
neither is there a tuple of a higher order, so the algorithm stops here. 
To further simplify the notation of the sequence, recurring symbols can be written down in 
"power notation", e.g. (a a a) can be written as a3: 
 
 x = 94 82 a3 42 12 
 a = 52 

 
The Grammar Complexity can now be computed by summing up the number of all remaining 
symbols (including those in the symbol registry) and the absolute values of the logarithms to 
the base two of all used powers. 
For our sample sequence, the calculation looks as follows: 
 

Grammar Complexity = 5 + |log24| +  |log22| + |log23| + |log22| + |log22| + 1 + |log22| = 13.59

"x" term "a" term  
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In order to better interpret the results, two procedures can be employed. One consists in 
rearranging the sequence from smallest to largest value and calculating the Grammar 
Complexity for the sorted sequence. In our case, this ordered sequence looks as follows: 
 
 x' = 1 1 4 4 5 5 5 5 5 5 8 8 9 9 9 9 
 
Calculating the Grammar Complexity for this sequence yields the same result of 13.59, 
suggesting that the original sequence x is a highly ordered one – a result that is in accordance 
with the depiction of the career path in Figure 5. 
Another way of interpreting results was proposed by Tschacher and Scheier (1995). They 
examined data via a surrogate data procedure, generating 50 surrogate sequences that 
consisted of the same elements as the original sequence (randomly shuffled in 50 different 
ways) and calculating the Grammar Complexity for these surrogate sequences. The obtained 
50 values are normally distributed, allowing to examine whether the Grammar Complexity of 
the original sequence differs significantly from that of the randomly shuffled surrogate 
sequences (Tschacher & Scheier, 1995). 
Unlike Shannon's algorithm presented above, the Grammar Complexity algorithm does 
differentiate between ordered and less ordered structures. Taking the randomly arranged 
sequence already shown above in connection with Shannon's information content formula: 
 

9 → 1 → 9 → 5 → 9 → 5 → 8 → 5 → 8 → 5 → 9 → 4 → 5 → 5 → 4 → 1 
 

calculation of the Grammar Complexity for this sequence yields a result of 16, suggesting that 
this sequence has a higher degree of complexity. 
The Grammar Complexity procedure has already been employed successfully in social 
sciences to determine the complexity of a nominal sequence of values (Friedlmayer, 
Reznicek, & Strunk, 1996; Rapp et al., 1991; Thiele, 1997; Tschacher et al., 1995). Its 
shortcomings are that both the length of the examined sequence and its distribution of values 
influence the results yielded by this algorithm. 
 
Along with Grammar Complexity, other algorithms have been proposed that are also based on 
methods of data compression (for a comparative overview, see e.g. Schürmann & 
Grassberger, 1996). 

Application 
If we consider careers within the theoretical framework outlined above, as more or less 
complex movements along the two dimensions of coupling and configuration, one question 
that arises is how the complexity of these movements can be quantified. Algorithmic entropy 
offers different methods that attempt to find recurring patterns in a given sequence of 
symbols, resulting in a value that specifies the complexity of the sequence. 
Referring to these concepts and methods, one may ask whether the sequence of "career 
positions" within the area framed by coupling and configuration (with each position 
represented by a symbol, similar to the example presented in Figure 5) for an actual person ... 
a) on the one hand shows a lower degree of algorithmic complexity than a random sequence 

of positions, 
b) but on the other hand is more complex than a completely ordered sequence. 
The concept of algorithmic entropy, and in particular Grammar Complexity, allows us to 
represent the possible range of sequences on a continuum between complete order and 
random (see Figure 6). 
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FIGURE 6 
Complexity continuum of the grammar complexity 
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If the assumption that careers have become more complex over the last decades holds true, the 
algorithmic entropy of careers that have begun more than 30 years ago should be lower (i.e., 
those careers should be more ordered) than the algorithmic entropy of careers that have begun 
about 20 years later. 
 

STRANGE ATTRACTORS 

Procedures for calculating algorithmic entropy are not very sensitive with regard to the 
sample data. A nominal sequence of symbols or values is sufficient. However, this may entail 
a loss of information for sample data that feature a higher level of measurement. Within the 
framework of theories of non-linear dynamic systems, several methods have been proposed 
that allow to examine the complexity of an interval scaled sequence. 

Dynamic Structures in Chaos Theory 
The best-known term within the theories of non-linear dynamic systems, which has also 
become quite common in popular science, is probably the concept of chaos. Chaos (in the 
sense of non-linear dynamics) denotes extremely complex dynamic processes that can only be 
forecast for a very limited period of time ("butterfly effect”; e.g. Lorenz, 1963), but that are 
not random either. As such hardly predictable processes can be found within deterministic 
systems, chaos – unlike random – always has a certain degree of order. 
It came to one of the first confrontations with chaos on a "scientific level" already in 1889, 
when Henri Poincaré discovered – upon attempts to solve the problem of three interacting 
bodies by means of the Newtonian law of gravitation – that even tiny errors and/or deviations 
in initial conditions produced vastly different outcomes. What is generally regarded today as 
an enormous merit of Poincaré bothered him considerably when he made his discovery: 
 

"...it may happen that small differences in the initial conditions produce very great ones 
in the final phenomena. A small error in the former will produce an enormous in the 
latter. Prediction becomes impossible, and we have the fortuitous phenomenon" 
(Poincaré, 1908; cited from Peterson, 1999). 

 
It was not before the sixties in the 20th century that this discovery by Poincaré was thoroughly 
understood (e.g.. Prigogine, 1987; Prigogine & Stengers, 1986, 1993; Haken, 1985, 1990a; 
Haken & Wunderlin, 1991) and in some cases re-discovered (Peitgen, Jürgens, & Saupe, 
1992; Peitgen, Jürgens, Saupe, & Zahlten, 1990; Lorenz, 1963; Lorenz, 1991). 
Some of the basic tools that are still widely employed today in order to describe the dynamics 
of complex systems had already been developed by Poincaré, among others the so-called 
phase space representation of a dynamic system. 
The term "phase space" stands for a coordinate system where the variables that affect the 
system form the coordinate axes. The career paths shown in Figures 3 and 4 are an example of 
simple phase space representations. The changes in coupling and configuration are not 
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phase space, then for a three-dimensional phase space, and so on, will result in increasing 
values for the fractal dimension of the attractor until the dimensionality of the phase space is 
higher than that of the attractor. However, this saturation will only occur if the attractor is 
indeed a fractal. If one applies the same method to a random process, saturation is never 
reached. 
A solution for the second problem is provided, for instance, by Packard and Takens (cf. 
Packard, Crutchfield, Farmer, & Shaw, 1980; Takens, 1981), who proposed a theorem 
according to which the whole phase space of a dynamic system can be reconstructed via a 
single time series. Simply spoken, their method is based on choosing a constant time lag (this 
method is therefore known as time lag reconstruction) that determines to which dimension 
each sampling point is assigned. The value of the first sampling point of the time series is 
assigned to the first dimension of the phase space. The value of the sampling point after one 
times the time lag is assigned to the second dimension, the value of the sampling point after 
two times the time lag is assigned to the third dimension, and so on. If the time lag is well 
chosen, the reconstructed attractor in phase space is topologically equivalent to the attractor of 
the underlying system. Several methods have been proposed that serve to find an appropriate 
time lag for the reconstruction of the attractor (cf. Buzug & Pfister, 1992; Frazer & Swinney, 
1986; Liebert & Schuster, 1989; Schuster, 1989b; Tsonis, 1992; Tsonis & Elsner, 1988; Wolf, 
Swift, Swinney, & Vastano, 1985).  
For the dynamic system entered into the analyses, two mutually independent time series for 
coupling and configuration respectively have been recorded. Adding up the measurement 
readings for both dimensions alternately (t0-coupling, t0-configuration, t1-coupling, t1-
configuration, ...) results in a quasi-time series which is twice as long as the original time 
series (2.470 sampling points for the 70s cohort and 3.120 sampling points for the 90s cohort 
respectively), and has a known time lag of 1. 
One crucial element for determining the fractal dimension within the computational 
framework chosen here is the so-called correlation integral (cf. Grassberger et al., 1983b, 
1983a): 

Equation 3: ( )
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the correlation integral can be written like the following: 

Equation 5: ( )
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with Θ  being a Heaviside-function assuming the value 1 if dij  is smaller than l and assuming 
the value 0 if this is not the case. Therefore, for a given embedding of a time series with time 
lag coordinates and a certain time lag in m-dimensional space, the correlation integral counts 
all distances between all possible pairs of points within the given space that are smaller than 
the value l and divides this number by the overall number of possible distances. 
This equation can be quite easily implemented into a software algorithm that calculates the 
distances between all points for each point and sorts them in ascending order. The position of 
a chosen l dij=  in that list then immediately indicates how many distances between points dij  
are smaller than l. If this number is then divided by n2, C(l) is easily calculated for all l. 
The correlation dimension D2 can now be represented by the ascending slope of a straight line 
when plotting log(C(l)) against log(l). However, this straight line can only be identified for a 
limited range of the plot (the so-called scaling range), which is a quite serious drawback of 
this method (see Figure 9). The scaling range is frequently assessed by visual judgment, but 
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this would have been too laborious here given the number of data sets analyzed. Instead, an 
automated algorithm was used to determine the scaling range (best least square approximation 
to a straight line, cf. Babloyantz & Destexhe, 1987). 
 

FIGURE 9 
The correlation integral in dependency on log(l) 
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If the scale range can be determined, the slope of the straight line can be regarded as a good 
estimate for the correlation dimension. In some cases the scaling range and/or the slope 
cannot be determined due to noisy data or a badly chosen time lag for phase space 
reconstruction. If the slope can be determined, its interpretation as an estimate for D2 requires 
that the value for the appropriate embedding dimension be known. As this is usually not the 
case for empirical data, the determination of D2 must be executed for different embedding 
dimensions m with m = 1, 2, 3, 4, ..., M (see above). 
Ideally, plotting D2 against the embedding dimension m yields a logarithmic curve, i.e. in the 
beginning D2 increases alongside with m, until saturation is reached and D2 does not increase 
anymore, even if m is further increased. The shape and goodness-of-fit of the curve can be 
examined via logarithmic correlation coefficients. In this paper, saturation is determined by 
means of linear regression over the D2 values for the highest embedding dimensions. If the 
slope of the regression line exceeds a limit of 0.07 D2 per embedding dimension, saturation 
cannot be assumed. 
 

RESULTS 

A "Static" Overview 
Before turning to the core issue of this article, namely the differences in dynamic complexity 
of career paths, a short overview of the results for "static" data that also relate to complexity, 
albeit from a different perspective, shall be presented in the following. 
While the 70s cohort reports 3.7 professional transitions (promotions, changing departments, 
leaving an organization, transition from salaried to self-employment etc.) on an average, the 
respective number for the 90s cohort is 5.3. This (statistically highly significant) difference 
already suggests that the complexity of careers has increased over the last years. Counting the 
number of transitions of individuals between organizations results in a very similar picture: 
while the members of the 70s cohort change their employing organization 1.2 times during 
their first 13 career years, the respective number for the 90s cohort is 1.6. The proportion of 
part-time jobs is also higher in the 90s cohort, whereas the two cohorts do not differ much as 
far as fixed-term contracts are concerned. 
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All in all these structural features already suggest a higher complexity of careers for the 90s 
cohort than for the 70s cohort. These findings are also reflected in the average values for 
coupling and configuration. If the five raw items of the questionnaire are summed up to 
measure coupling and configuration (as outlined in the methods section), the 90s cohort 
shows a significantly less stable configuration than the 70s cohort (see Table 1 and Figure 
10), with this trend being reflected in both of the raw items (see Table 2). These results are in 
accordance with the developments postulated above in the first section, however, they should 
be accepted with due caution as the scales have no universally valid "anchor" and the ratings 
of the interviewees are merely based on their subjective judgement. The high values for N are 
due to the fact that not each person, but each year was entered as a separate case, resulting in 
over 2.000 cases altogether. 
 

TABLE 1 
Mean and standard deviation for coupling and configuration (both cohorts) 

 
 70s cohort 90s cohort  

Dimension  mean standard 
deviation N+ mean standard 

deviation N+ T-Test 
(1-tailed) 

Coupling 
(higher values = tighter coupling) 6.26 1.45 1204 6.34 1.35 1422 ns 

Configuration 
(higher values = less stable configuration) 4.48 2.36 1196 5.16 2.35 1402 ** 

N+:  the number of values is determined by the number of persons times the number of sampling points (13 years for each 
person unless there is a missing value) 

*  p < 0.05 
**  p < 0.01 

 
FIGURE 10 

Mean and standard deviation for both cohorts on the two dimensions of coupling and 
configuration 
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Compared to the configuration factor, there were no marked differences between the two 
cohorts for coupling. Contrary to our assumptions, the 90s cohort shows a slightly higher 
degree of coupling (which does not become statistically significant). If one takes a closer look 
and examines the three raw items, it is apparent that the ratings of the 90s cohort reflect a 
comparatively adverse job market situation – the career perspectives of these persons are 
seemingly less secure, they feel more dependent on external factors, and assess their chances 
of finding another adequate job less optimistically. The same limitations as for the 
configuration factor do also apply here, in addition, the differences found are all but 
pronounced and become significant mostly due to the number of cases. 
 



 17

TABLE 2 

Mean and standard deviation for the five items concerning coupling and configuration (both 
cohorts) 

 
 70s cohort 90s cohort  

Dimension  mean standard 
deviation N+ mean standard 

deviation N+ T-Test 
(1-tailed) 

Coupling 1204  1422  
Career security and calculability 
(higher values: more secure) 8.80 2.38 7.91 2.53 ** 

Subjection to specific external actors and/or 
constraints 
(higher values: more dependent) 

6.90 2.92 7.24 2.71 ** 

Ease with which another adequate job could 
be found 
(higher values: less easily) 

3.31 2.28 3.88 2.56 

 

** 

Configuration 1196  1402  
Stability of work content 
(higher values: less stable) 4.94 3.11 6.01 3.06 ** 

Stability of professional relations 
(higher values: less stable) 3.99 2.67 4.30 2.55 

 
** 

N+:  the number of values is determined by the number of persons times the number of sampling points (13 years for each 
person unless there is a missing value) 

*  p < 0.05 
**  p < 0.01 
 
Altogether the results presented here suggest that the complexity of careers has increased over 
the last decades, but reveal nothing about an increase or decrease in dynamic complexity, i.e. 
whether the processes (career paths) have also gained complexity. The following sections will 
deal with that question. 

Algorithmic Entropy 
The results of the calculations of algorithmic entropy suggest that the career paths (conceived 
as movements along the two dimensions of coupling and configuration over time) are indeed 
more complex for the 90s cohort than for the 70s cohort. However, these results should also 
be accepted with caution, as the test power of the method employed here is rather poor due to 
the extremely short sequences consisting of merely 13 values. 
Two indicators were calculated for each person in order to analyze the algorithmic entropy 
(via Grammar Complexity). The first one is the quotient of the Grammar Complexity value of 
the original time series divided by the Grammar Complexity value of the same time series 
sorted in ascending order (see above). The higher the quotient, the more complex the 
observed sequence. The mean quotient values for the two cohorts are presented in Figure 11 
and Table 3. It is apparent that the values scarcely exceed the theoretical minimum of 1, 
which is largely due to the limited sensitivity of this method in the case of short symbol 
sequences (cf. Rapp et al., 1991). 
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FIGURE 11 
Grammar Complexity quotient for the two cohorts and observed periods 
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TABLE 3 

Comparison of the Grammar Complexity quotients 
 

Straight vs. Complex  70s cohort 90s cohort 

Dimension Period mean standard 
deviation N mean standard 

deviation N T-Test 
(1-tailed) 

Coupling    95   120  
First  
13 years 1.0130 0.0391 1.0289 0.0721  * 

Career security and calculability Last  
13 years 1.0109 0.0397 last 13 years 70s vs. first 13 

years 90s * 
First  
13 years 1.0086 0.0344 1.0197 0.0552  * Subjection to specific external 

actors and/or constraints Last  
13 years 1.0174 0.0517 last 13 years 70s vs. first 13 

years 90s ns 
First  
13 years 1.0053 0.0270 1.0157 0.0518  * Ease with which another adequate 

job could be found Last  
13 years 1.0042 0.0197 

 

last 13 years 70s vs. first 13 
years 90s * 

Configuration    95   120  
First  
13 years 1.0104 0.0418 1.0132 0.0485  ns 

Stability of work content Last  
13 years 1.0033 0.0211 last 13 years 70s vs. first 13 

years 90s * 
First  
13 years 1.0105 0.0413 1.0227 0.0595  * 

Stability of professional relations Last  
13 years 1.0135 0.0425 

 

last 13 years 70s vs. first 13 
years 90s ns 

*  p < 0.05 
**  p < 0.01 
 
Despite all these limitations, the 90s cohort has higher complexity values on all five scales, 
both when compared to the first and last 13 working years of the 70s cohort. For the 
comparison of the first 13 career years of both cohorts, all observed differences but one 
(stability of work content) are statistically significant. 
Both aspects just mentioned – the limited sensitivity of the method employed for short time 
series as well as the nevertheless higher complexity values for the 90s cohort – are also 
reflected in the results for the second indicator, based on the test of surrogate sequences 
already outlined above, where the Grammar Complexity value for the original sequence is 



 19

compared to a distribution of Grammar Complexity values for 200 randomized surrogate 
sequences (consisting of the same elements). The results presented in Figure 12 and Table 4 
show the mean of the z-transformed Grammar Complexity values for both cohorts. The higher 
the value, the more ordered the underlying sequence, compared to a random sequence. 
Additionally, z-values larger than 1.96 indicate that the observed sequence is significantly 
more ordered than a random sequence. It is apparent that the results for both cohorts fall short 
of this value. 
 

FIGURE 12 
Mean Grammar Complexity values after z-transformation for both cohorts 
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TABLE 4 
Comparison of the mean Grammar Complexity values after z-transformation for both cohorts 
 

Random vs. Order  70s cohort 90s cohort 

Dimension period mean standard 
deviation N mean standard 

deviation N T-Test 
(1-tailed) 

Coupling    95   120  
First  
13 years 0.6575 0.9895 0.3136 1.0791  ** 

Career security and calculability Last  
13 years 0.4784 0.8535 last 13 years 70s vs. first 13 

years 90s ns 
First  
13 years 0.7826 1.0212 0.3745 0.9646  ** Subjection to specific external 

actors and/or constraints Last  
13 years 0.4618 0.8445 last 13 years 70s vs. first 13 

years 90s ns 
First  
13 years 0.5068 0.7862 0.2722 0.9853  * Ease with which another adequate 

job could be found Last  
13 years 0.6417 0.9409 

 

last 13 years 70s vs. first 13 
years 90s ** 

Configuration    95   120  
First  
13 years 0.6295 0.9946 0.5366 1.1797  ns 

Stability of work content Last  
13 years 0.4964 0.9305 last 13 years 70s vs. first 13 

years 90s ns 
First  
13 years 0.5936 0.9301 0.2581 1.0540  ** 

Stability of professional relations Last  
13 years 0.5165 0.9087 

 

last 13 years 70s vs. first 13 
years 90s * 

*  p < 0.05 
**  p < 0.01 
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Overall, the first indicator suggests that the observed career paths are at least a bit more 
complex than their "most ordered" variant, while the second indicator implies that the 
complexity found in these career paths does not clearly distinguish them from a random 
process. Although both indicators are basically in accordance with the "complexity hypothesis 
in career research", they both yield rather dissatisfactory results. On the one hand, the 
observed sequences only show a very limited complexity, on the other hand this limited 
complexity is not very different from a random process. Both these aspects reflect the very 
limited testing power of this method, with an extremely high β-error for short time series. 
With only 13 sampling points, it is almost impossible to clearly differentiate the original 
sequence from random and/or complete order (cf. Rapp et al., 1991) – even when comparing 
the ordered sequences to the random surrogates, clear differences scarcely appear for the 
given data. It can therefore not be clearly decided on the basis of the results for algorithmic 
entropy whether the observed career paths do indeed follow a pattern of ordered complexity, 
determined rather by a complex yet deterministic system than by random biographic events. 
On the other hand, the observed differences between the two cohorts regarding the complexity 
of their career paths do indeed support our predictions. 
Comparing the complexity values for the five raw items that refer to coupling and 
configuration, it is apparent that the item "Security and calculability of career-related 
prospects" showed the highest degree of complexity, especially for the 90s cohort. These 
persons therefore not only reported having less career-related security than the 70s cohort on 
an average, but there are also more and quicker changes between occupational situations 
marked by pronounced insecurity and situations that provide a certain degree of career-related 
security and predictability. These developments cannot be found within the 70s cohort, whose 
career path looks more stable as far as career security is concerned (and who also report a 
higher degree of career security overall). 
The pattern for the item "Subjection of career-related prospects to specific external actors" 
resembles the aforementioned one in several ways: the values for the 90s cohort again reflect 
a rather erratic process, whereas the 70s cohort enjoy a higher (and more stable) degree of 
independence. Contrary to the first item, the complexity for this item declines for the 70s 
cohort, and the differences between the cohorts become less distinct, suggesting an increasing 
number of perceived changes between phases of high and low independence for both cohorts 
over their last few career years. 
The item "ease with which another adequate job could be found" yields the lowest complexity 
values for the 70s cohort, whereas the respective value for the 90s cohort is much higher. The 
results found for this item are similar to the "career security" item, suggesting that frequently 
postulated developments on the labor market that entail an increasingly adverse situation for 
employees are reflected in the results here. 
The two items concerning stability differ from the three items presented above in the way that 
they already include a dynamic aspect at the outset. The complexity calculations executed, 
however, do not deal with stability itself, but with the changes in stability over time. The item 
"stability of work content" shows little differences between the 90s and the 70s cohort 
(although the former have slightly higher complexity values on an average), and changes in 
the stability of the work content become rarer and less important for the 70s cohort in their 
last 13 working years. 
Compared to the "stability of work contents"-item, the results for the item "stability of 
professional relations" show a bigger difference between the two cohorts, with the 90s cohort 
generally reporting a more erratic development as far as the stability of their professional 
relations is concerned, despite a slight increase in the complexity value for this item for the 
70s cohort as well in their last 13 career years. 
Overall, the calculations for Grammar Complexity support the assumption that the complexity 
of career paths has generally increased for the dimensions of coupling and configuration (as 
measured by the underlying raw items). At this stage, however, it cannot be determined 
whether these career paths are due to random or show ordered complexity. The following 
section will examine this question by means of the correlation dimension (D2). 
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Correlation Dimension 
Contrary to Grammar Complexity, correlation dimension makes use of the additional 
information provided by interval scaled data, compared to nominal symbol sequences. 
However, it has stricter standards concerning the required length of the examined time series, 
which also depends on its complexity. While several hundred sampling points are sufficient 
for moderately complex time series, highly complex systems require several thousand 
sampling points for this method to be applied. 
Therefore, the individual time series were added up here to form a quasi-time series of 
sufficient length. In order to examine whether the specific complexity found for this resulting 
time series is actually due to the dynamics of the process and not to the order in which the 
original time series were added up, 100 (differently assembled) quasi-time series were 
examined for each cohort. 
One crucial feature of this method is the distinction between a random process, which can be 
clearly identified by the absence of a saturation of the D2 value for growing embedding 
dimensions, and a deterministic process that shows such a saturation. A saturation of the D2 
value for the quasi-time series (in different orders) would imply that the time series are 
deterministic and that the process dynamics for the single persons are quite similar. 
Figure 13 shows the two-dimensional embedding for a randomly chosen variant of each of the 
three time series. As was already found for empirical data in social sciences, but also in 
medicine (e.g. Schiepek et al., 1997), no clearly structured attractors could be identified, as 
opposed to mathematically generated time series. 
A simple order structure cannot be identified with the naked eye, nevertheless the phase space 
embedding for the 90s cohort appears more complex than that for the 70s. This may (partly) 
be due to the fact that more points were available from the quasi-time series for the 90s cohort 
than from the first and last 13 working years of the 70s cohort (1.560 vs. 1.235 points). 
Examining the results for the 70s cohort only, it is also apparent that the representation for the 
last 13 years looks less complex than for the first 13 years, with the number of points being 
equal for these two quasi-time series. 
The calculations of the respective D2 correlation dimensions confirm this impression. As 
Table 5 shows, a saturation of the D2 value could be attained for almost all variants of the 
three quasi-time series. For the first 13 years of the 70s cohort, only six variants out of 100 
failed to saturate given a 20-dimensional embedding. For the 90s cohort, the respective 
number was twelve. For the last 13 years of the 70s cohort, all 100 variants reached saturation 
of the D2 value. 
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FIGURE 13 
Two-dimensional embeddings for samples of the three quasi-time series 
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FIGURE 14 

Correlation dimension (D2) of the three quasi-time series 
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TABLE 5 
Correlation dimension (D2) of the three quasi-time series 

 
 70s cohort 90s cohort 

period Mean D2 standard 
deviation N mean standard 

deviation N T-Test 
(1-tailed) 

First  
13 years 3.4004 0.2923 94 4.4611 0.3906 88 ** 
Last  
13 years 3.1070 0.2360 100 last 13 years 70s vs. first 13 years 90s ** 
*  p < 0.05 
**  p < 0.01 
 
The small number of variants of the quasi-time series that did not attain saturation of the D2 
value is quite astonishing. Much more clearly than expected, these results suggest that the 
career paths represented by the quasi-time series are not random processes. Rather, the results 
imply that career paths are complex, dynamic structures that can be put down to deterministic 
processes. Furthermore, there are only marginal differences between the results for the 100 
different calculations which rarely exceed the error margin (scatter of the D2 estimates around 
the common mean value within the saturation range). 
The D2 dimension for the 90s cohort is higher by about one dimension than that of the 70s 
cohort (see Figure 14 and Table 5). Consequently, while at least four interacting variables of a 
deterministic system are necessary to describe the career paths of the 70s cohort, the 
respective number for the 90s cohort is five. In addition, it is apparent that the system formed 
by the last 13 working years of the 70s cohort is less complex than the system formed by their 
first 13 years. This difference is much smaller however than that between the cohorts. 
 

DISCUSSION 

As outlined in the introduction, the present article dealt with three questions. First, it should 
examine whether careers have indeed become more complex over the last years ("complexity 
hypothesis in career research") via a mathematically formalized concept of complexity 
stemming from chaos theory. The second question was whether the results obtained would 
support the concept of careers as a complex yet deterministic system or rather the concept of 
careers as a random process. The third question aimed at investigating whether the methods 
applied here are appropriate for career research. The results obtained shall now be discussed 
in a bit more detail. 

Complexity Hypothesis 
In view of the fact that the available data hardly met the standards normally required for the 
application of chaos research methods, the results are surprisingly clear and significant. Both 
methods employed suggest that the career paths of persons who started their professional 
career in the 90s are more complex than for persons who graduated around 1970, and the 
results were even more conspicuous for the more complex and demanding method of 
correlation dimension than for Grammar Complexity, although the latter seemed more 
appropriate for the given data at the outset. Nevertheless, there are several limitations to our 
study that should be taken into account: 
The data used here came from questionnaire-based interviews where the interviewees were 
asked to assess their whole careers retrospectively. It seems plausible that this task is more 
difficult for a person with more than 30 years of professional experience than for someone 
who started his or her professional career around 12 years ago. Therefore, the difference in 
observed complexity may partly be a consequence of the "mellowing" effect of time on career 
recollections. On the other hand, the last 13 career years of the 70s cohort (which are just as 
"recent" as the working years experienced hitherto by the 90s cohort), show an even lower 
degree of complexity than the first 13 years (which in turn could be due to a reduction of 
career complexity in later career stages). In order to better understand and explore these 
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issues, the Vienna Career Panel Project attempts to establish a panel of business graduates that 
will be asked to participate in a survey of their professional development in fixed intervals. 

Complex or Random? 
The methods for identifying a deterministic system and distinguishing it from a random 
process are still slightly embryonic. Only rather simple processes with limited complexity can 
already be identified as deterministic systems. The attempt to reveal these career paths as 
complex yet deterministic systems via Grammar Complexity did not yield a successful result, 
which is probably due to the very limited testing power of this method for short time series. 
The fact that a saturation of the D2 value was attained for almost all variants of all three 
quasi-time series suggests that the observed career paths are based on a rather simple system, 
despite all complexity. In any case, the results obtained say nothing about the complexity of 
the individual career paths. 

Appropriateness of these Methods for Career Research 
The approaches introduced here are just a small fraction of the methods, tools and algorithms 
currently used and discussed in chaos research. We believe that a more widespread use of 
methods stemming from chaos research faces two main obstacles. First, the data collected 
within career research will in many cases not meet the standards that are required to 
successfully apply methods of chaos research. For example, we did not attempt to 
demonstrate here that the observed career paths are chaotic processes in a mathematical sense, 
as this would have to be done via the calculation of Lyapunov exponents (Lyapunov 
exponents are a proof for the butterfly effect; cf. Rosenstein, Collins, & De Luca, 1993; Wolf 
et al., 1985), which cannot be done with the available data. Second, the methods employed 
here are far less widely-used than "standard" statistical procedures, which is also reflected in a 
lack of computer software that can perform this sort of calculations. Despite all these 
shortcomings, we think that this article represents a successful application of methods from 
chaos research to career-related questions. Furthermore, we believe that the merit of this paper 
and the concepts and methods contained therein lies less in the results as such, but rather in 
the fact of having introduced a theory that is able to describe and quantify career dynamics in 
a precise and methodically sound way. 
 

ENDNOTES 

1 If a pair of symbols appears only twice, no compression is possible since each of the two 
pairs would be represented by another symbol (two symbols overall so far), and the replacing 
symbol would be represented by the two values, which adds another two symbols to the 
algorithm, resulting in the same number of symbols (four) as at the beginning. This restriction 
does not apply to triples, quadruples etc. which are already replaced on their second 
appearance. 
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