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SUMMARY 

In research, everything depends on what we want to know.  For example, ask: “What parts of the cerebral 
cortex change in volume as a consequence of schizophrenia?”  The answer is 7.  Run exactly the same 
experiment, but now ask: “What must the cerebral cortex do to its hardwiring to become schizophrenic?”   
Now the answer is 58.  It must add 34 new connections and delete 24 preexisting ones.  Notice the differ-
ence.  The first question uses a reductionist model and stops.  The second one begins with reductionism, 
but then reconstructs the complexity of the original cerebral cortex by running the data through an infor-
mation infrastructure.  This extra step allows us to map the brain mathematically - in terms of parts and 
connections.  The advantage of this approach is that we can now take this mathematically reconstructed 
brain apart – in a variety of ways - without surrendering its complexity.  Complexity, of course, is where 
many secrets exist and where the biology game is being played.  What will we discover?  By developing 
wiring diagrams for the brains of normal and schizophrenic patients, we can see - by simple subtraction - 
how this disease ravages all parts of the cerebral cortex.  Moreover, by taking the brain apart mathemati-
cally, we discover that each part defines and is defined by a connectivity field consisting of a distinct set of 
parts and connections.  Connectivity fields appear in three dimensions as sets of triangular units, usually in 
star-like configurations.  Such stars typically display multiple polarities, thereby revealing both the inti-
mate and extensive relationship of one part to another.  Mathematically mapping also extends our dimen-
sional reach.  Recall that the traditional hierarchy equations of stereology allow us to connect data (con-
centrations and absolute values) of several nested parts in a linear, one dimensional manner.  For exam-
ple, cytochrome c oxidase -> inner mitochondrial membrane -> mitochondrion -> cell -> tissue -> organ.  In 
contrast, connectivity fields do not share this dimensional limitation.  Since they draw on the intrinsic 
order of biological stoichiometry, mathematical maps readily capture all parts and all connections in all 
directions – within and across hierarchical levels.  These results show that the brain – or any part thereof - 
can now be mapped mathematically in two and three dimensional space and expressed as equations and 
graphs.  In effect, mathematical mapping takes us one step closer to a general solution to the problem of 
biological complexity, while at the same time creating new opportunities for the basic and clinical sciences 
by moving the biology enterprise up to the next level of inquiry.    

 

INTRODUCTION 

The report this year explores a mathematical ap-
proach to mapping the brain, using published data 
(Goldstein et al., 1999) and an information infrastruc-

ture (Bolender, 2010).  Such mapping is usually per-
formed physically wherein axons or groups thereof are 
painstakingly labeled and traced from one part of the 
brain to another.  With the introduction of new MRI 
technologies, the physical approach to tracing neurons 
is being reinvented.  It now appears, however, that 
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parts connected physically are also connected to one 
another mathematically by the intrinsic, orderly design 
of the brain.  In effect, the parts carry the rules that 
define the connections.     

Why map the brain mathematically?  The short answer 
is that it is surprisingly easy to do and yields a wealth 
of new information.  The long answer consumes the 
remainder of the report.     

Mathematical mapping may also be a smart way to 
proceed.  Consider the following argument.  If the 
brain is constructed by rule and if the products of 
these rules persist as stochiometries, then all the 
heavy lifting of figuring out how to create and connect 
the parts can – for the moment - be left to the ingenu-
ity of biology.  Our immediate task requires little more 
than accessing these stoichiometries and using them 
to map the cerebral cortex.  If we agree that a grand 
challenge of the biological sciences is to connect 
seamlessly all biological parts, then mathematical 
mapping – bootstrapped to biology – offers a new and 
promising way to proceed.    

Last year the report described quantitative pheno-
types derived from triplet data that were expressed as 
ratios X:Y:Z (Bolender, 2010).  Such ratios detect the 
intrinsic stochiometries of biology.  By testing many 
different animals, organs, and experimental settings, it 
became apparent that biology routinely codes infor-
mation in sets of three parts.  This means that the 
stoichiometry originally discovered with data pairs 
(Bolender, 2001-2009) continues to the next level, 
namely data triplets.   

To map the brain mathematically, we need software 
programs that will allow us to detect stochiometries 
simultaneously within and across all hierarchical 
levels – extending from large parts to small.  In other 
words, we want to assemble a single, n-dimensional 
network of parts and connections derived from the 
literature and flexible enough to accommodate a 
broad range of data, problems, and solutions.  More-
over, by aggregating data from several levels, the 
software can generate surprisingly large data sets.  
Complexity, you may recall, is largely a big numbers 
game.   

The current software package (EBS 2011) adds these 
programs.  Individual parts are connected into data 
pairs, data pairs into triplets, triplets into connectivity 
fields, and connectivity fields into connectivity maps.  
Collections of such maps combine to form networks 
of information, which we will need to address the 
many and formidable challenges of complexity.       

What can the reader expect to learn this year from the 
report and software package?  You will see, perhaps 
for the first time, how change occurs in a complex 
setting.  A worked example explains the process of 
moving the MRI data of a clinical paper through the 
information infrastructure, extracting stoichiometries 
of the parts, and using them to assemble connectivity 
maps and fields for the cerebral cortex.  Since this 
mapping procedure generates large amounts of new 
information, the analysis benefits importantly from 
advanced graphing technology.  By combining the 
database and graphing technologies, one obtains a 
working model for biological complexity, complete 
with a new theory structure.   

As we proceed, bear in mind the strategy in play.  
When looking for patterns in biology, we will be hunt-
ing for stoichiometries that are binding parts together 
mathematically.  By systematically capturing these 
well-ordered patterns graphically and with equations, 
we create a robust framework for moving information 
to and from all corners of the complexity.  Such pat-
terns become key to our success going forward be-
cause they also tell us when and where to look and 
what to do next.  Our long term goal, of course, will be 
to solve complexity by connecting everything biologi-
cal by rule – everything from organisms to genes.             

 

METHODS AND RESULTS 

The software package for 2011/2012 includes new 
software tools for generating triplets within and across 
all levels of the biological hierarchy, extracting connec-
tivity fields, mapping the brain, writing equations, and 
viewing results graphically.   

The report attempts to unravel the complexity of 
schizophrenia by looking for the underlying structural 
events associated with the disease.  This exercise will 
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allow us to assemble a new experimental model for 
studying the complexity of disease, one based on data 
ratios, equations, and graphs.   
 
        

Enterprise Biology Software Package 

The software package includes eight screens offering 
ready access to programs, databases, and documents 
(Figure 1).   

 

Figure 1.  Enterprise Biology Software Package for 2011. 

 

Mapping the Brain Mathematically 

Capturing complexity in biology requires access to 
large numbers of parts and connections.  Since our 
starting point includes only 84 volume estimates for 
the parts of the cerebral cortex (Goldstein et al., 
1999), we begin by growing this number to more than 
5,000 by generating data pairs (X:Y) and data triplets 
(X:Y:Z).  New programs in the Enterprise Biology 
Software Package allows us to increase the number of 
data pairs quite considerably by gathering data from 
multiple levels of the hierarchy simultaneously.  
(Recall that forming permutations increases the num-
ber by n factorial: nPr = n!).  These data are then sort-
ed to identify data pairs that can form data triplets 
(X:Y:Z).  A second program transforms these data 

pairs into triplets – about 2000.  We can plot the 
entire triplet data set for the cerebral cortex to gen-
erate a connectivity map (Figure 2), or we can filter 
and sort the triplets by part to view individual connec-
tivity fields (Figure 3).   

 

Figure 2. Connectivity map of the normal human cerebral 
cortex; parts=blue, connections=red. 

 

Figure 3. Connectivity field of the normal angular gyrus, 
identified as the blue dot at the top of the graphic.  

The results shown in Figures 2 and 3 reveal an 
astonishing complexity of the cerebral cortex, even 
when restricted to just the volumes of its parts.  
The beauty of these connectivity fields and maps is 
that they show us how a given part (node) is bound 
quantitatively to other parts, as shown by the 
connecting lines (edges).   

Notice that the connectivity field of Figure 3 in-
cludes many examples of closed loops and inter-
connections revealing a design strategy rich in 
feedback and redundancy.  Moreover, the angular 
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gyrus displays connections to all 42 parts of the 
normal cerebral cortex.   

Given the connectivity map of the cerebral cortex 
(Figure 2), unfolding the complexity of the brain 
becomes reduced to the familiar tasks of filtering and 
sorting a data set.  We can readily view a single part 
with all its connections in two dimensions (Figure 4.) 
or the relationship of one part to another in three 
dimensions (Figure 5.)  

 

Figure 4. Parts connected to the occipital pole of the cerebral 
cortex.  The red dot at the center represents the occipital pole. 

 

Figure 5: Connections between the planum temporal (temporal 
lobe) and the supplementary motor cortex (frontal lobe) – 
represented by the two dots at the center.   The dots at the 
periphery indicate other parts of the cortex.  

Notice that all the rays in Figure 5 consist of a triangle 
connecting the planum temporal and supplementary 
motor cortex at the center to a third part out at the 
periphery.  This pattern of assembling star-like struc-

tures from a standard building block (a unit triangle) 
persists as a common feature throughout the brain 
and throughout biological parts in general (Bolender, 
2010).  Figure 6, which displays the data of Figure 2 in 
three dimensions, shows these triangles to greater 
advantage.  

 

Figure 6: Three dimensional connectivity map of the human 
cerebral cortex. 

Figure 7 illustrates the original data set (Goldstein 
et al., 1999) of the normal subjects before being 
run through the information infrastructure.  Note 
that these volume data alone supplied all the 
connection information shown, for example, in 
Figures 2 and 6 and in the Appendices.          

 

Figure 7: Original data set (volumes) of the normal cerebral 
cortex.  Although these data appear isolated, the ratios of 
the volumes retain the original complexity as mathematical 
connections (Figure 6).  
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Mapping Schizophrenia 

By running the data of patients with schizophrenia 
(Goldstein et al., 1999) through the information infra-
structure, we can generate a second set of connectivi-
ty maps for the cerebral cortex (e.g., Figure 8).   

 

 

Figure 8.  Connectivity maps of the human cerebral cortex in 
patients with schizophrenia, as seen in two and three dimen-
sions. 

By subtracting one connectivity map from the other 
(change = schizophrenia – normal), we get an answer 
to the question posed in the opening summary: 
“What must the cerebral cortex do to its hardwiring 
to become schizophrenic?”  The results in Figure 9 

show that the schizophrenic brain gains 34 and loses 
24 connections, giving a total of 58 events.  As a 
result, the remodeled brain displays a new set of 
emergent properties – the most obvious being schiz-
ophrenia.        

Gained 

 

Lost 

 

Figure 9. Connections gained (top) and lost (bottom) in the 
cerebral cortex with schizophrenia.  Color coding: frontal lobe 
(yellow), temporal lobe (red), parietal lobe (green), occipital 
lobe (blue), medial paralimbic cortex (orange), telencephalon 
(gray), cerebral cortex (white). 

Note that all the lobes of the brain participate in 
schizophrenia, with the frontal (yellow) showing 
the greatest involvement (Figures 9 and 10). 
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Figure 10. Connections gained and lost in schizophrenia. 

Next, we can turn our attention to the connectivity 
maps of specific parts and ask: “In schizophrenia, 
what happens locally?”  Consider, as an example, 
the frontal pole (Figure 11).  The blue dot at the top 
of each plot in the figure represents the frontal 
pole, the yellow dot the medial paralimbic cortex, 
the red dot the occipital lateral gyrus, and the re-
maining blue dots other parts   

Notice that the frontal pole has connections with 
81% of the total parts (34/42) in healthy subjects 
and 90% (38/42) in those with schizophrenia.  The 
medial paralimbic cortex (yellow) goes from 31 
connections to 16 (16/31; 100% to 52%), and the 
occipital lateral gyrus (red) from 9 to 26 (26/9; 
100% to 289%).  Such changes are not unusual.  
Connectivity fields throughout the cerebral cortex 
display major changes in both their parts and con-
nections (see Appendix I).   

In effect, schizophrenia produces a mathematical 
rewiring of the cerebral cortex.  This rewiring – or 
over wiring – offers a new insight into what may 
turn out to be an important causative factor in the 
disease.              

Normal Patients 

 

Patients with Schizophrenia 

 

Figure 11. The connectivity fields of the frontal pole in normal 
patients and in those with schizophrenia.  Blue (at top of 
field) = frontal pole, yellow = medial paralimbic cortex; red = 
occipital lateral gyrus. 

When plotted in three dimensions, the frontal pole 
data of Figure 11 display distinct structural differ-
ences (Figure 12), suggesting a substantial collapse 
of the original order. 

 

Normal       Schizophrenia 

Figure 12.  The connectivity fields of Figure 11 displayed in 
three dimensions.  Notice the pronounced effects of schizo-
phrenia on the mathematical order of the brain. 
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The Mapping Software   

Mapping the cerebral cortex of brain relied on two 
software packages.  The Enterprise Biology Software 
was used to enter the original volume data into the 
literature database and to generate data pairs, tri-
plets, connectivity fields, connectivity maps, and 
equations.  In turn, the fields and maps were displayed 
graphically with Mathematica 8 (Wolfram Research, 
Inc.).  See, for example, Figures 2-9, 19-23, and the 
Appendices.  

Enterprise Biology Software (2011):  Our goal here is 
engage complexity by turning a relatively small num-
ber of data points (<100) into thousands (>5,000).  The 
example begins by running the software tree to load 
the data entry program (Figure 13).   

Step 1:  Enter the original published data into the 
literature database.  Run Soft Tree and then click on 
Stereology Literature Database -> Enter Data -> Con-
trol -> GO to run the data entry program. 

 

 

Figure 13. Top: Soft Tree; Bottom: Data entry screen. 

Step 2: Assemble data pairs.  Click on Universal Biolo-
gy Database -> Reformat Data -> Make Connections -> 
Enter Data Pairs – All-CO Levels -> GO to run the data 
pair program (Figure 14). 

 

 

Figure 14. Top: Soft Tree; Bottom: Data entry screen for the 
control data pairs.  Note that the data (absolute volumes) 
of four hierarchical levels are treated as a single group 
when forming data pairs.   Remember that nPr = n!.  

The program illustrated in Figure 14 (bottom) forms 
data pairs by collecting data from several hierarchical 
levels - simultaneously.  This global approach to data 
entry can be applied when a data set consists of abso-
lute values (volumes, surfaces lengths or numbers).  
Recall that entering concentration data is restricted to 
a single hierarchical level, but only when specific 
requirements are met (Bolender, 2010).  Data gener-
ated by this program allow us to resolve a fundamen-
tal question about biological stoichiometry, as it ap-
plies to parts larger than molecules.  If stoichiometries 
exist for data pairs and triplets within hierarchical 
levels, do they also exist across hierarchical levels?  In 
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other words, do the rules generalize locally and global-
ly?  For the cerebral cortex in humans, the answer is 
clearly yes.      

Step 3: Identify and mark data triplets (Figure 15).  
Click on Digital Libraries -> Patterns -> Triplets -> Find 
Data (Valences) -> GO to view the data pair list.  Enter 
the citation number (for this exercise: 5165) into the 
data entry field at the upper left, and press the Enter 
key. Use the Sort Right and Sort Left buttons to identi-
fy and mark the triplets, as previously described 
(Bolender, 2010).  

 

 

Figure 15. Marking data pairs with similar ratios: to be 
combined to form triplets in the next step (Figure 16).  
Clicking on a check box marks it in green. 

Step 4: Assemble data triplets from data pairs (Figure 
16).  Click on Digital Libraries -> Patterns -> Triplets -> 
Enter Find Data (Valences) -> GO to run the data entry 
program.  Enter data triplets as described earlier 
(Bolender, 2010).  Briefly, generating triplets consists 

of forming combinations from data pairs that share 
the same y value (Figure 16).      

 

 

Figure 16. Assembling triplets from data pairs by forming 
combinations (nCr = nPr/r!).   

Step 5: View, sort, and print the triplets (Figure 17).   
Click on Digital Libraries -> Patterns -> Triplets -> View 
Data -> GO to run the view data program.   
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Figure 17. Printing triplets.  Save output as an HTML file. 

For the cerebral cortex, each part was selected in turn, 
sorted, and printed as a HTLM table.  This gave for-
matted worksheets that were used to enter local and 
global data into Mathematica 8 for the graphical 
analysis.     

Visualizing Complexity: The graphing software (Math-
ematica 8) plots data pairs, but not data triplets.  
Therefore, triplets must be converted back into data 
pairs.  Since the order is not important, one data 
triplet gives three data pairs.  For example, A:B:C = 
A:B, A:C, and B:C.   

Step 1: Enter the triplets as data pairs (Figure 18A) and 
specify graphic output (Figure 18B). 

 

Figure 18A. Enter data pairs as two parts enclosed in 
quotes and separated by an arrow.  Typing must be exact.   

 

Figure 18B. At the end of the data pair list (as shown in 
Figure 18A), enter instructions for graphing.  These instruc-
tions produce the graphs illustrated in Figures 19-21.    

Step 2: View the results (Figures 19-21). 

 

Figure 19. Layered graph plots, with and without labels. 

 

Figure 20. Tree plots.  These plots are used to identify du-
plicate entries. 
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Figure 21. Graph plots display data in three dimensions, 
with or without labels and rendering.  Note that these 3D 
plots can be rotated. 

Step 3: Compare patient data graphically.  The com-

plex effects of schizophrenia on the human cerebral 

cortex can be quickly appreciated by viewing summary 

graphs.  Accordingly, individual parts of the cerebral 

cortex are mapped as connectivity fields in Appen-

dices I and II.  Layered graph plots (Figure 22) include 

side by side comparisons of the connection fields in 

two dimensions, whereas three dimensional plots 

compare star-like configurations (Figure 23).    

 

Figure 22. Cerebral cortex: mathematical map in two di-
mensions (from page 4 of Appendix I). 

 

Figure 23. Cerebral cortex: mathematical map in three di-
mensions (from page 4 of Appendix II). 
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Table 1 offers a preliminary summary of the new 

information coming from the equations and 

graphics. 

Table 1. Summary of New Information 
1. Mathematical order appears to be a universal property of 

biology. 

2. Connection fields show that each part operates within well-
defined groups (connectivity fields), not in isolation.  A given 
part can belong to several fields.    

3. Dramatic changes can occur in the way parts are hardwired 
mathematically. 

4. Connections occur within and across four hierarchical levels 
indicating that order in biology is being defined both locally 
and globally.   

5. Order typically occurs as nested sets of parts and connec-
tions. 

6. Equations can be folded or unfolded into other equations. 

7. Some parts show more extensive connections than others. 

8. Dominant nodes (parts) can appear, disappear, or remain 
largely unaltered. 

9. Connections (edges) can be gained and lost. 

 

DISCUSSION 

The report shows that the information content of a 
paper explodes when we allow the data to go com-
plex.  A single MRI paper can tell us things about 
biology and about the underlying causes of schizo-
phrenia far beyond what the original authors ever 
intended or perhaps even imagined.  By engaging 
complexity, eighty-four data points can be readily 
transformed into thousands.  Data points isolated by 
reductionism return to complexity, become recon-
nected, and assume the orderly patterns intrinsic to 
biology (Figures 2, 8).   
 

Mathematical Mapping   

What does mathematical mapping map?  It maps 
mathematical order in biology as a continuous set of 
ratios, connecting all parts of an organism.  The origi-
nal data types describing these parts include volumes, 
surfaces, lengths, and numbers.  Since the majority of 
data being used in biology can be reduced to one of 
these four basic data types by forming ratios, mathe-
matical mapping offers a universal approach to com-
plex data analysis.  The message becomes unambigu-
ous.  In biology, complexity runs on ratio data.          

Mathematical mapping unfolds complexity into sim-
plicity.  The current results suggest that a fundamental 
design principle of biology rests on a unit structure 
consisting of triangles and triangular pyramids ar-
ranged into star like configurations.  The appearance 
of multipolar stars, for example, tells us that two or 
more parts can share nearly identical connectivity 
fields, whereas their alteration hints at the plasticity of 
the rules guiding these relationships.  Rules define 
order in biology and mathematical mapping allows us 
to detect their expression.   

Biological ratios – or stoichiometries – scale across 
parts of all sizes and exist within and across hierar-
chical levels.  Consider, for example, the regression 
lines in Figure 29 displaying R2s approaching 1.0 (0.98).  
Such equations capture the unit structure rules being 
followed by the cerebral cortex in normal and schizo-
phrenic patients.  It reinforces the view – noted earlier 
(Bolender, 2004) - that order in biology scales in pre-
dictable ways.  The extent of aggregation, for example, 
in a given data set often determines the equation of 
best fit, which can include linear, power, polynomial, 
and exponential forms.  This means that complex 
curves can unfold into simpler ones – or vice versa.  
Since rules are typically embedded in rules (read 
equations embedded in equations), unfolding be-
comes an important component of complexity theory.   

Distinct patterns often appear.  When aggregating 
data (folding), equations go from linear -> power-> 
exponential (Bolender, 2004) and from linear -> power 
-> polynomial (Figure 24; see also Figure 29 and 
Bolender 2009).  Recall that a standard strategy in 
mathematics is to simplify by linearizing complexity.  It 
appears that biology uses a similar strategy, but in the 
opposite direction.  

 

Figure 24.  Nested equations become a fundamental characteris-
tic of complexity and serve to define levels of order in biology.  
Recall that repertoire equations approach linearity as the expo-
nent (a) of the power equation (y = bx

a
) approaches one. 
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Why does unfolding complexity require ratios?  Such 
data minimize noise and can be very sensitive indica-
tors of change because two parts come into play.  For 
example, a small increase in the volume of one part X 
(8 -> 9) coupled to a small decrease in another part Y 
(6 -> 5) can produce a substantial change in the ratio 
X:Y.  Notice that 6:8 = 0.75 and 5:9 = 0.55 – a decrease 
of 36%.  The same data interpreted as a change in the 
usual way, represents only a 17% decrease (5/6 = 
0.83) and a 12.5% increase (9/8 = 1.125).   

Consider the example in Figure 25.  If we change the 
absolute data by just plus or minus one and then use 
them to form ratios, the ratios clearly exhibit the 
largest changes.  Why is this useful to know?  If it 
takes a difference of roughly 15% to 20% to detect a 
biological change statistically with absolute data carry-
ing units, then ratio data enjoy a huge advantage 
because without units they are considerably less 
vulnerable to the bias and biological variation embed-
ded in the contents of units.  Less baggage means less 
noise.  This helps to explain why ratios often win at 
the complexity game, whereas absolute data and 
concentrations per se remain largely uncompetitive.   

 

Figure 25. Detecting changes with ratios and absolute data.  
Notice that ratios – derived from absolute data - can detect 
larger differences (light blue) than those detected by abso-
lute data alone (darker blues).  Indeed, the ratios shown 
above enjoy an advantage greater than a factor of 2.  Con-
trol = 100 %.  See Figures 27-30 for examples of ratio data 
taken from patients.       

Physical Mapping   

MRI (high-resolution, diffusion spectrum (DRI), and 
tractography) have revolutionized the approach to 
mapping parts and fiber connections in the brain.  This 
remarkable new technology produces exquisitely 
detailed connectivity networks of the brain (Hagmann, 
2008) and currently is playing a central role in the 
Connectome Project (NIH; Sporns et al., 2005). 

What is the relationship of physical to mathematical 
mapping?  Consider the study of Hagmann et al. 
(2008).  These authors used physical mapping to de-
scribe a structural core in the brain consisting of eight 
connected parts, as distinguished by elevated fiber 
counts and densities: the posterior cingulate cortex, 
precuneus, cuneus, paracentral lobule, isthmus of the 
cingulate, superior temporal sulcus, inferior parietal 
cortex, and superior parietal cortex.  In contrast, the 
mathematical mapping of this report tallies parts and 
connections as triangles (Figure 27-29).  The eight parts 
– presented herein - with the greatest connectivity 
include the frontoorbital cortex, fusiform gyrus (telo), 
cingulate gyrus, angular gyrus, inferior frontal gyrus, 
middle frontal gyrus, cuneus, and lingual gyrus (Figure 
27).   
 
Although the results of the two approaches to map-
ping agree for matching parts, perhaps the most reas-
suring finding of the Hagmann study is that their con-
nection networks appear to consist largely of triangles.  
In effect, both physical and mathematical mapping 
methods detect a similar design principle wherein a 
triangle represents the basic unit of order.  Does this 
suggest that order may derive from a triplet code? 
 
The two mapping methods, however, are fundamen-
tally different.  Physical mapping, which depends on 
identifying specific locations and the connections that 
exist between them (see, for example, Hagemann et 
al., 2008), represents a reductionist approach because 
all parts are not in play.  In contrast, mathematical 
mapping can be based on the volumes of parts, which 
contain everything.  Mathematical mapping must be – 
by design - all inclusive because complexity is all inclu-
sive.  One method requires everything, the other not.  
One method can access – at least in theory - all the 
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data and all the connections, the other not.  See the 
difference?       
 
 

Connectivity Fields and Maps 

Ideally, we want to operate in a basic and clinical 
research environment wherein everything is connect-
ed mathematically.  We now know that such an envi-
ronment can be created with an information infra-
structure designed to generate and interpret complex 
mathematical patterns such as connectivity fields and 
maps.   

A Connectivity map, which consists of many connectiv-
ity fields, permits the free flow of information 
throughout all parts of an information space (Figure 
26).   Each blue dot expands into many connectivity 
fields, each of which, in turn, creates additional gener-
ations of connectivity fields.   

What is the physical basis of mathematical mapping?  
Biology consists of a continuum of parts embedded in 
parts that decrease in size as long as the parts contin-
ue to be divisible.  Mathematical mapping uses the 
ratios of parts to detect order existing anywhere 
within this continuum.  The volume of each part, for 
example, contains a collection of many embedded 
parts, each of which can change.  To track the sources 
of change, the volume can be unfolded repeatedly into 
its component parts, each of which can be analyzed by 
creating yet another map.  Given that everything 
remains connected mathematically, information can 
flow freely from one data set to another.   
 
Since the challenge of reconnecting data was seen as a 
problem with a software solution, programs were 
written, added to the software package, and distribut-
ed with the yearly report.  This, however, raises an 
important point.  As we expand our research model to 
include complexity, such technology transfers will – by 
necessity - become routine and expected.  Technology 
support structures sponsored by both governmental 
and non-governmental organizations will soon become 
the essential drivers of our progress going forward.  To 
deliver on creativity, innovation, and productivity we 
will need ready access to large amounts of highly 
flexible data.  Going to the library or downloading a 

paper from the Internet will no longer get the job 
done.       
 

 

 

Figure 26. Top: Connectivity map, a single, continuous set 
of nested connectivity fields – connected mathematically.  
Each dark blue dot seeds another set of connectivity fields 
(light blue dot).  Bottom: The data set used to fold and 
unfold the complexity of the schizophrenia study.      

The report demonstrates that MRI papers can gener-
ate large data sets, but what about stereology?  After 
going back and calculating connectivity fields for the 
organism codes reported last year (Bolender, 2010), it 
became apparent that many stereological papers 
contain a relatively small number of data points.  
Although the new software modules help to increase 
these numbers somewhat, they often fall short of the 
thousands needed to analyze a complexity.   Since 
complexity is clearly a numbers game, we will need to 
address this apparent limitation going forward.         
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Schizophrenia Revisited  

Mathematical mapping characterizes schizophrenia as 
a disease of remarkable complexity, one that includes 
a considerable remodeling of parts and connections 
within the cerebral cortex (see Appendices I, II, and II).  
Although several authors have reported changes in 
the volumes and number of specific parts (e.g., 
Hulshoff et al., 2002; Kreczmanski et al., 2007), under-
standing the extent of the disease has remained an 
elusive goal.     

The onset and progression of many diseases includes a 
combination of events.  As the organism attempts to 
repair itself, each event triggers additional ones; some 
effective, others not.  Given the properties of complex 
systems, a disease can be expected to recruit and 
modify a progressively larger number of parts and 
connections.  Over time, initial, local events become 
global, ultimately compromising the health of an 
individual.  The question we need to be asking is: 
“How do we fix a broken complex system?”   

If we expect to fix something, it follows that we first 
need to know exactly what is broken.  By mathemati-
cally mapping the relationship of parts to connections 
in normal and schizophrenic individuals, we can now 
detect breaks – locally (Figures 27, 28, 30, Appendices) 
and globally (Figures 8, 9, 29).   

But, how will mathematical mapping benefit the 
schizophrenia community?  It offers a simple and 
direct way of diagnosing and staging different expres-
sions of the disease, using readily available technolo-
gies.  The approach being followed here is straight-
forward.  By reworking the data of a single MRI study 
of schizophrenia (Goldstein et al., 1999), we can begin 
to understand the effectiveness of ratios in a real-
world setting. 

As discussed earlier, the basic unit of structural design 
in biology appears to be a triangle, consisting of three 
nodes and three edges.  By simply counting these 
triangles, we can quickly summarize the effects of 
schizophrenia on the cerebral cortex.  Figure 27 shows 
this distribution of triangles in patients with (red bars) 
and without the disease (blue bars).     

 

Figure 27. Triangle counts in the cerebral cortex of normal 
patients (blue) and in those with schizophrenia (red).   

Figure 28 expresses the changes in the numbers of 
triangles shown in Figure 27 as a percentage of the 
control.  The figure shows that 45% of the parts (red 
triangles) display shifts near or greater than 50%.  
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Such a finding supports the point made earlier that 
ratios effectively optimize our ability to detect chang-
es.  Note that in the original study, only decreases 
were found and the changes were small, amounting to 
less than 15% of the controls.     

 

Figure 28. Schizophrenia: Triangle counts expressed as a 
percentage of the controls.  Notice the substantial and 
widespread departure from the control (100%). 

We can also interpret the triangle counts with equa-
tions (Figure 29) by fitting regression lines (polynomi-
als) to the data of Figure 27: 

Normal:  y = 0.0315x2 - 3.4193x + 87.57 
R² = 0.9854 
 

Schizophrenia:  y = 0.0485x2 - 4.3726x + 98.06 

R² = 0.9815 

 

Notice the R2 values.  When the R2 is very close to 1.0, 
then the likelihood that the data are following rules 
and reflecting biological events becomes greater.  On 
the other hand, scatterplots with R2s distant from 1.0 
often contain substantially larger amounts of method-
ological noise and biological variation.  In general, 
ratio data tend to produce regression curves with R2s 
close to 1.0.                  

Figure 29 illustrates these two polynomial curves.  
What can we learn from them?  They tell us that data 

coming from thousands of data pairs can be distilled 
into two very simple diagnostic and predictive curves.  

 

Figure 29. The cerebral cortex of normal (blue) and schizo-
phrenic (red, dashed) patients expressed as polynomial 
equations.  These curves summarize the data of Figure 27. 

If, for example, a patient is suspected of being schizo-
phrenic, do a head MRI, work up the data, generate a 
polynomial curve, and compare it to diagnostic curves 
similar to those of Figure 29.  If the patient becomes a 
candidate, the sensitivity of the diagnosis can be 
increased by calculating individual connectivity fields 
and comparing them to curves such as those illustrat-
ed in Appendix III.  If the disease progresses through a 
series of stages involving specific parts, then treat-
ment protocols can be designed and tested according-
ly.  In effect, this approach to analyzing MRI data 
offers a strategy for optimizing patient outcomes.        

Unfolding complexity leads to new information.  Each 
part of cerebral cortex now comes with its own ex-
pression (Appendix III), which turns out to be a power 
equation.  Equations for the angular gyrus, for exam-
ple, are listed below and plotted in Figure 30. 

Normal:  y = 665.27x-1.462 
R² = 0.9566 

 
Schizophrenia:  y = 205.94x-1.308 

R² = 0.9422 
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Figure 30. Connection fields for the angular gyrus ex-
pressed as power equations (y=ratio, x=frequency of ratio). 
Normal = blue; schizophrenia = red + dashed 

Appendix III includes equations and plots for individual 
parts of the cerebral cortex, which are summarized 
below in Table 3. 

 

Table 3. Summary of events associated with schizophrenia 
(see Appendix III and Figure 30). Power curves: Increase 
(), decrease (), increase + decrease (+), equal (=), par-
allel (), non-parallel (not ), crossed).  Note that the con-
nectivity fields of the cerebral cortex display the distinct 
patterns previously associated with growth and develop-
ment (Bolender, 2001-2010).  

Equations can often be helpful in drawing analogies 
because they generate characteristic patterns, as 
shown in Figure 30, Table 3, and Appendix III.  Consid-
er the following.  One of the early findings with equa-
tions was that growth and development displayed the 
same pattern in different organs (Bolender, 2006).  
Over time, control and experimental power curves 
fitted to growing parts undergo transitions, changing 
their slopes from parallel (time 1) to nonparallel (time 
2) and then back to parallel (time 3).  Growth proceeds 
stepwise by repeating this temporal sequence.  In 
effect, the slopes of the curves detect the expression 
of the growth algorithm(s) being used by biology.       

A remarkably similar set of patterns appear in schizo-
phrenia (Appendix III).  First, this tells us that the 
disease may reflect abnormal growth and develop-
ment, a suggestion also made by the original authors 
(Goldstein et al., 1999) and others (Harrison, 1999, 
Walsh et al., 2008).  Of the 30 sets of equations show-
ing change (Appendix III), 9 are parallel ( growth 
completed) and 21 nonparallel ( growth in progress).  
Such an observation suggests that - for 70% of the 
parts - the growth program in patients with schizo-
phrenia may still be running, either slowly or intermit-
tently.  Alternatively, the brain may simply have tried 
to run a faulty growth program that crashed during 
the transitional change (time 2).       

If schizophrenia is the emergent product of the re-
modeling detected herein with connectivity fields, 
then understanding the root causes of the disease 
calls for a bold new research strategy.  Investigators 
will need a common information infrastructure where-
in all their data can be stored, connected, and mobi-
lized to mount a coordinated response to the disease.  
Even the extensive results presented in this report 
undoubtedly underestimate the degree of complexity 
involved.  We know, for example, surprisingly little 
about the composition of the parts making up the 
cerebral cortex.  Moreover, some or all parts of the 
cerebral cortex may have mathematical connections 
to other parts of the brain.  Harrison (1999), for exam-
ple, in his review of schizophrenia lists changes occur-
ring throughout the brain.   

If the events summarized in Table 3 and Appendix III 
identify developmental errors, will unfolding these 
data with connectivity maps lead to predictions of 
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gene expression?  If we assume the answer will be yes, 
then a solution to the problem reduces to developing 
the appropriate technology.  Notice how complexity 
quietly transforms our research model by merely 
switching our thinking from a methods driven biology 
to one driven by data.               
 

Complexity 

What did we learn from the cerebral cortex about 
complexity?  When we take an organism – or some 
part thereof - apart, we have every incentive to put it 
back together mathematically.  Why?  The discovery 
process works most effectively when we take it apart 
the second time.  Why?  Complexity is lost the first 
time (Figure 7), but not the second (Figure 6).  Reduc-
tionism turns the complexity game off, whereas math-
ematical mapping turns it back on.   

What kind of complexity games can we play?  Consider 
disease.  A complexity field or map defines a disease 
as a normal biological pattern that has been altered to 
the point where it threatens the patient.  If the patient 
recovers, then the normal pattern can be expected to 
reappear (Bolender, 2010).  By watching this recovery 
process over time with MRI, connectivity fields will 
allow the physician to track both local and global 
events as they occur.   

This newfound ability encourages us to ask harder 
questions with the promise of getting meaningful 
answers.  How effective are specific treatments in the 
recovery process?  Since we can quantify the starting 
and end points and all those in between, such difficult 
questions become more manageable.  Moreover, we 
can express both MRI and standard laboratory data of 
patients as connectivity fields and combine them into 
maps designed specifically for diagnosis and prediction 
(Bolender, 2009).   

Perhaps the most compelling feature of mathematical 
mapping is that it encourages us to look for a general 
solution to the problem of biological complexity.  We 
can do this with a reasonable degree of confidence 
because our literature database contains data from 
many different animals, from fish to humans to 
whales.  In the absence of such a resource, generaliza-
tion would not even be attempted.  Table 2 starts the 

process by listing some of the conditions that will 
favor such an outcome.   

 

Table 2. Creating Conditions for a General Solution 
 Minimize experimental biases by expressing data 

as ratios (decrease uncertainty). 

 Include both absolute (volume, surface, length, 
number) and relative (concentrations) data. 

 Connect different data types mathematically 
across the biological hierarchy of size. 

 Generate large data sets from small (use permuta-
tions and combinations). 

 Optimize published data by extracting large 
amounts of new information therefrom (data pairs, 
triplets, connectivity fields, connectivity maps, 
rules, etc.). 

 Keep it simple.  Make it easy to learn and apply 
(i.e., take ratios, filter, sort, plot, and graph). 

 Include all qualifying data types from all disciplines. 

 Define a mathematical framework for biology. 

 Encourage a rule-based approach to the basic and 
clinical sciences, allowing biology to define the 
rules. 

 Capture rules with equations and interpret large 
data sets graphically. 

 

Simple vs. Complex 

As we move toward a complexity model for biology, 
new ground rules and definitions can be expected to 
appear.  In their absence, confusion is likely to ensue 
because destabilizing events such as paradoxes invari-
ably come into play.  In our earlier discussions of 
change, for example, we discovered that the same 
concentration (density) can have an invariable unit of 
volume (e.g., one cm3) and a variable unit of volume 
(e.g., the contents of one cm3) – simultaneously.  
Unless we understand the nature of such paradoxes 
and know how to deal with them, complexity will 
continue to cloud our perception of reality.  In effect, 
we need to begin the process of defining boundary 
conditions for simple and complex.                  

Let’s begin with a working definition.  Assume that 
biology has two general data types - simple and com-
plex.  Simple data represent the products of reduc-
tionist methods, carry units, and include largely abso-
lute (volumes, surfaces, lengths, numbers) and relative 
(concentrations, densities) values.  Such data are 
simple because they describe single, isolated parts.   
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Complex data come from simple data that have been 
optimized by running them through an information 
infrastructure.  The optimizing process consists of 
culling data sampled correctly, maximizing productivi-
ty by moving published data into a relational database 
where they become readily accessible and interactive, 
minimizing bias and variation by forming ratios to 
remove the disruptive units, identifying rules by fitting 
the ratio data to equations with r21, visualizing com-
plex patterns with advanced graphics, and learning to 
become skillful players of the biology game.  Complex 
data are complex because they describe multiple parts 
with multiple connections. 

As you might expect, success ultimately depends on 
knowing when, where, and how to collect and use a 
given data type.  For convenience, we can devise a 
formula that is both straightforward and easy to apply.  
Simple questions require simple data, complex ques-
tions require complex data.  Simple data depend on 
laboratory methods, complex data depend on soft-
ware engineering.  Simple data answer easy questions 
(Does this part of the brain change, yes or no?), com-
plex data answer hard questions (What does the 
cerebral cortex have to do to become schizophrenic?).                     
 
                        

Theory Structure 

Theory structure in biology attempts to explain the 
basic principles of biology.  Familiar examples include 
the cell theory, the theory of evolution, gene theory, 
and homeostasis.  Adding and testing a theory of 
biological complexity depends, of course, on the exist-
ence of a rule-based biology and on our ability to 
identify and capture these rules.  For interested read-
ers, a formal introduction to theory structure in biology 
is given by Schaffner (2007). 

What is a theory?   It can be defined as: (1) a coherent 
group of tested generalizations that serve as principles 
of explanation for a given event, (2) the analysis of a 
set of facts as they relate to one another, and (3) a set 
of rules, procedures, and assumptions used to produce 
an outcome.  The theory of reductionism, for example, 
assumes that all complex systems can be understood in 
their entirety in terms of their parts.  In contrast, the 
theories of chaos and complexity suggest that behavior 

is emergent and cannot be deduced from the proper-
ties of the parts alone.  In practice, we soon discover a 
coalescing of these theories in that reductionism be-
comes a critical first step in our attempt to understand 
complexity (Figures 13-23).     

Let’s begin our theorizing here with the concept of 
inseparability.  Consider the following argument.  If all 
parts of biology are governed by rules, then the parts 
become the tangible expression of the rules.  This 
means that we should be able to extract the rules from 
the parts - if the parts and the rules are indeed insepa-
rable.  Mathematical mapping tests this idea empirical-
ly by extracting rules of order as equations.  These 
results tell us that rules – derived from ratios - can be 
expected to appear as equations (regression lines) with 
coefficients of determination (R2) approaching one.    

Since such results appear repeatedly (Bolender, 2001-
2012), it seems likely that biology uses a rule-based 
system – built on ratios – to order its structure.  This 
makes sense because it means that the same rules can 
apply, even in cases of intraspecific and interspecific 
variations.  For example, people – small, medium, and 
large - can all share the same basic rules of order.  
Recall that we can routinely get equations with R2 
approaching one with ratio data but not with absolute 
data.  Absolute data, for example, must carry the 
burden of noise produced by intraspecific variations in 
size, whereas ratio data must not.              

Given the overarching role of biological complexity and 
the importance we attach to developing and testing 
theories, Table 3 begins the process of formulating a 
theory of biological complexity.  It is intended to stimu-
late discussion. 

Table 3. Working Theory of Biological Complexity 1.0 

 
 Complexity emerges from simplicity. 

 All parts in biology are connected mathematically by rule. 

 Rules remain attached to parts, defining complexity as a 
function of parts and connections. 

 Rules can be extracted from the ratios of parts. 

 Ratios detect patterns more effectively when expressed as 
decimal steps. 

 Rules occur as nested sets, extending within and across 
hierarchical levels. 

 Complexity can be recovered, unfolded, and refolded. 

 A fundamental unit of biological connectivity displays a 
triangular shape with 3 nodes and 3 edges. 
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Seeing the Big Picture   

What are we trying to do as a scientific discipline?  
Biology represents a highly complex and adaptive 
system, running on rules and algorithms that we are 
largely unprepared to access or comprehend.  Organi-
zation, some would agree, is the first step toward 
understanding this complexity.  Unfortunately, our 
primary source of information – the biology literature 
– has two strikes against it.  First, it consists largely of 
reductionist data, representing the antithesis of com-
plexity.  Second, published data sit in isolation, being 
scattered throughout a paper in tables, figures, 
graphs, and text.  As a result, we become largely help-
less when asked to find solutions to the extremely 
complex problems surrounding health and disease.  
The point we seem to be missing is that to solve com-
plex problems, we need vast amounts of complex data 
– at our finger tips.  Recall that complexity is the rela-
tionship of many parts to many connections. 

Biological complexity - because of its enormity - re-
quires a technological solution.  The information 
infrastructure described herein uses software to trans-
form simple, reductionist data into complex data.  This 
is accomplished by forming ratios, fitting X:Y data to 
regressions with R21.0 (i.e., 0.9999+), and finally 
using these equations to express the data as 81 deci-
mal ratios (see the data pair table and blueprint in the 
software package).  When calculating these regres-
sions, data were grouped such that the greatest de-
parture from the published value did not exceed ±15% 
- the average error typically associated with biological 
estimates.  This gentle smoothing of the data enhanc-
es – quite remarkably – our ability to detect complex 
patterns in biology.  The smoothing idea comes from 
chaos theory.  Forming ratios seems to create too 
much order.  By decreasing this order only very slight-
ly, we can move the ratio data back to the sweet spot 
at edge of chaos where data sparkle and surprising 
things happen.  The process, of course, is completely 
reversible.  Having found the patterns, we have the 
option of going back and replacing the decimal reper-
toire values with the original values (Bolender, 2009).     

How far have we come?  We now have a strategy, a 
technology, and a track record for creating large 
amounts of complex data from the biology literature.  

Triplets already reveal many complexities in health 
and disease with remarkably clarity.  If these patterns 
continue to scale seamlessly to molecules and genes, 
then real-world solutions to diagnosis, prediction, and 
treatment may not be far behind.    

Consider for a moment a future research establish-
ment in the absence of a complexity model.  What will 
it look like?  Much as it does today.  Biology will re-
main a method driven science, wherein we operate a 
reductionist model in a closed and endlessly repeating 
loop: start: new method -> experimental setting (ex-
posure, disease, treatment) -> question: “What chang-
es?”->answer: a few parts -> question: ”What does it 
mean?” -> answer: … -> finish.  In effect, we get to ask 
the same parts the same questions and get largely the 
same answers.  By shielding us from complexity, re-
ductionism has created a black box for us in which we 
have been forced – often unwittingly - to live and 
operate. 

What can we do to free ourselves from this confine-
ment?  A simple, win-win response to the black box 
problem is to make it part of the solution.  Reduction-
ism – with all of its many shortcomings – can quickly 
become our benefactor by providing the seed data 
needed to play the complexity game.  A conservative 
estimate for the number of named parts larger than 
molecules in the human is about 6,000.  By running 
just several hundred of these parts through the infor-
mation infrastructure, we have already extended our 
boundary conditions to about 60,000.  In a complexity 
model, however, the 6,000 named parts become 
36,000,000 data pairs and roughly 14,000,000 triplets.  
Such numbers put the boundary conditions of biologi-
cal complexity at roughly 50,000,000.   

Although numbers of such a magnitude are clearly 
intimidating, they offer an important glimpse into our 
future.  As we embrace the complexity model, biology 
will slowly, but relentlessly shift from being a descrip-
tive science to becoming largely an engineering one.  
Given the nature of biology, such a transformation will 
be inescapable and indeed it has already begun.  With 
the rise of the “-omics” sciences (genomics, prote-
omics, etc.), engineering sits squarely at the forefront 
of modern biology.   
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But, are we ready to see the big picture?  How, for 
example, can we connect the dots - all the “–omics” - 
of a complex system without the stereology and MRI 
communities supplying the majority of the quantita-
tive parts, connections, patterns, and gold standards?  
How much longer can we afford not to study biology 
as a complexity?  How can we continue to pursue 
excellence and not know that biology uses complexity 
to create excellence?  Perhaps the most telling ques-
tion of all asks not if we are ready to see the big pic-
ture, but rather do we really want to see it?          
               

Concluding Comments   

The report concludes with a note of optimism and 
encouragement.  The intellectual leap into complexity 
appears to require little more than an understanding 
of ratios and a willingness to observe biology using 
them.  Surprising things can and will happen when we 
leverage our published data.  If we put our data back 
to work by constantly challenging them, they will 
respond with alacrity and continue to delight us with 
new and often entirely unexpected results.  Indeed, 
it’s hard to imagine a simpler or more agreeable ap-
proach to the problem of biological complexity.   
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APPENDIX I – CONNECTIVITY FIELDS – LAYERED GRAPH PLOTS 

CEREBRAL CORTEX: angular gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

 

CEREBRAL CORTEX: basal forebrain 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 
 

CEREBRAL CORTEX: central operculum 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: cerebral cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: cingulate gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: cuneus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: frontal lobe 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: frontal pole 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: frontal operculum 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: frontomedial cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: frontoorbital cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: fusiform gyrus (oclo) 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: fusiform gyrus (telo) 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: heschl gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: inferior frontal gyrus  

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: inferior temporal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: insula 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: lingual gyrus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: medial paralimbic cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: middle frontal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: middle temporal gyrus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: occipital lateral gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: occipital lobe 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: occipital pole 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: paracingulate cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX parahippocampal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: parietal lobe 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: parietal operculum 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: planum polare 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: planum temporal 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 



 

32 
 

CEREBRAL CORTEX: postcentral gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: precentral frontal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: precuneus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: subcallosal cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: superior frontal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: superior parietal lobule 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 



 

34 
 

CEREBRAL CORTEX: superior temporal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: suppl motor cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 
 
 

CEREBRAL CORTEX: supramarginal gyrus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: telencephalon 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: temporal lobe 

NORMAL SCHIZOPHRENIA 

 

 
 

 
 
 

CEREBRAL CORTEX: temporal pole 

NORMAL SCHIZOPHRENIA 
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APPENDIX II – CONNECTIVITY FIELDS – 3D GRAPH PLOTS - STARS 

CEREBRAL CORTEX: angular gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: basal forebrain 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: central operculum 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: cerebral cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: cingulate gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: cuneus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 
 



 

38 
 

CEREBRAL CORTEX: frontal lobe 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: frontal pole 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: frontal operculum 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: frontomedial cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: frontoorbital cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: fusiform gyrus (oclo) 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 



 

40 
 

CEREBRAL CORTEX: fusiform gyrus (telo) 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: heschl gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: inferior frontal gyrus  

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: inferior temporal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: insula 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: lingual gyrus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: medial paralimbic cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: middle frontal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: middle temporal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 



 

43 
 

CEREBRAL CORTEX: occipital lateral gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: occipital lobe 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: occipital pole 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 



 

44 
 

CEREBRAL CORTEX: paracingulate cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX parahippocampal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: parietal lobe 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 



 

45 
 

CEREBRAL CORTEX: parietal operculum 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: planum polare 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: planum temporal 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 



 

46 
 

CEREBRAL CORTEX: postcentral gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: precentral frontal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: precuneus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: subcallosal cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: superior frontal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: superior parietal lobule 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: superior temporal gyrus 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: suppl motor cortex 

NORMAL SCHIZOPHRENIA 

 

 
 

 
 
 

CEREBRAL CORTEX: supramarginal gyrus 

NORMAL SCHIZOPHRENIA 
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CEREBRAL CORTEX: telencephalon 

NORMAL SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: temporal lobe 

NORMAL SCHIZOPHRENIA 

 

 
 

 
 
 

CEREBRAL CORTEX: temporal pole 

NORMAL SCHIZOPHRENIA 
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APPENDIX III – CONNECTIVITY FIELDS – POWER PLOTS – NORMAL = BLUE – SCHIZOPHRENIA = RED 

CEREBRAL CORTEX: angular gyrus 

 NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 

CEREBRAL CORTEX: basal forebrain 

 NORMAL+SCHIZOPHRENIA 

 

 
 

 
 

 
 

 
 

 

CEREBRAL CORTEX: central operculum 

 NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: cerebral cortex 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 
 
 

 

CEREBRAL CORTEX: cingulate gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 
 
 
 

CEREBRAL CORTEX: cuneus 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: frontal lobe 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 
 

 

CEREBRAL CORTEX: frontal pole 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 
 
 

CEREBRAL CORTEX: frontal operculum 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: frontomedial cortex 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 

 

CEREBRAL CORTEX: frontoorbital cortex 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 

CEREBRAL CORTEX: fusiform gyrus (oclo) 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: fusiform gyrus (telo) 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 

 

CEREBRAL CORTEX: heschl gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 
 

CEREBRAL CORTEX: inferior frontal gyrus  

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: inferior temporal gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 

 

CEREBRAL CORTEX: insula 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 
 

CEREBRAL CORTEX: lingual gyrus 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: medial paralimbic cortex 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 
 

 

CEREBRAL CORTEX: middle frontal gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 
 

 
 
 
 

CEREBRAL CORTEX: middle temporal gyrus 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: occipital lateral gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: occipital lobe 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 

CEREBRAL CORTEX: occipital pole 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: paracingulate cortex 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 

 

CEREBRAL CORTEX parahippocampal gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 
 

CEREBRAL CORTEX: parietal lobe 

NORMAL+SCHIZOPHRENIA 

 

 
 

 

 
 



 

59 
 

CEREBRAL CORTEX: parietal operculum 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 

CEREBRAL CORTEX: planum polare 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 

CEREBRAL CORTEX: planum temporal 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: postcentral gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 

CEREBRAL CORTEX: precentral frontal gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: precuneus 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: subcallosal cortex 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 

CEREBRAL CORTEX: superior frontal gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

 
 

CEREBRAL CORTEX: superior parietal lobule 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: superior temporal gyrus 

NORMAL+SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: suppl motor cortex 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

CEREBRAL CORTEX: supramarginal gyrus 

NORMAL+SCHIZOPHRENIA 
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CEREBRAL CORTEX: telencephalon 

NORMAL+SCHIZOPHRENIA 

 

 
 

 

 
 

CEREBRAL CORTEX: temporal lobe 

NORMAL+SCHIZOPHRENIA 

 

 
 

 
 
 

CEREBRAL CORTEX: temporal pole 

NORMAL+SCHIZOPHRENIA 

 

 
 

 

 
 

 


