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Abstract. Abdelhady AA, Abdalla MM. 2018. Short Communication: Categorization models as a powerful tool in paleontological data 
analyses – the Phanerozoic bivalves. Biodiversitas 19: 1769-1776. Predicting biotic responses to current and future global change can 
be acquired through understanding how biological and environmental traits shaped the past origination, dispersion and extinction 
patterns. A global dataset encompasses 161,357 taxon occurrences belonging to 2,378 bivalve genera from past and recent environments 
were analyzed based on the categorization model, a widely-used machine-learning analysis, using MS-SQL and Excel PowerView. The 
occurrence data was standardized using square-root transformation to downplay the effect of sampling effort. Thus, the examined traits 
are resulting from reliable ecological interactions. The results indicate that the biotic traits of the bivalve can be determined by the 
abiotic ones. Moreover, ecological traits such as life habit (i.e., infaunal vs. epifaunal), diet (suspension vs. deposit feeders, herbivores 
vs. carnivores), composition (aragonite vs. calcite), and locomotion (stationary vs. mobile) all exhibit significant relation to a specific 
environment. The results demonstrated that decision tree and association rules are primary powerful tools in analyzing huge biological 
data and in testing many useful bio-ecological hypotheses. 
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INTRODUCTION 

The efforts of the paleontologists in the last centuries 
have generating ultra-scale data sets of very high spatial 
resolution. These data were stored in many databases such 
as the Paleobiology Database (PBDB; 
http://paleobiodb.org/#/). However, the web-based system 
of the PBDB has not yet sufficient analytical functions for 
spatiotemporal analysis (http://paleobiodb.org/#/). 
Ecologists and climatologists are focusing their research 
now on understanding climate changes over broader range 
of time and space scales via the paleontological data from 
the fossil record (Alroy 2008; Nürnberg and Aberhan 2013; 
Foote 2014; Abdelhady and Fürsich 2015). According to 
Groth et al. (2012), insightful analysis of the life evolution 
on the earth is depending on applying different software 
tools to explore, manipulate, and visualize huge data sets. 
In addition, closer integration of geographic visualization 
and/or geo-computation is essential to address many 
environmental concerns (Varela et al. 2009; 2015). 
However, exploration tasks are usually complex and 
consume much time (Groth et al. 2012; Varela et al. 2015). 

Advances in the field of information visualization offer 
a number of innovative and promising approaches (Kehrer 
et al. 2010). The applications of the visualization 
techniques has grown rapidly for different geologic 
purposes (Best and Lewis 2010; Gorricha and Lobo 2012; 
Romaňach et al. 2012; Du et al. 2015). Effective computer 
tools, incorporate the Microsoft office package can provide 
intelligence from raw paleontological data by creating 

visual graphs, thus new concepts will be constructed to 
understand the paleo-ecosystems easily and efficiently. The 
set of utilities in MS-SQL and Excel PowerView enable 
preprocessing and visualization of large data in addition to 
plenty of statistical and numerical analysis. In addition, 
although categorization models are fundamental in 
decision-making and all kinds of environmental interaction, 
they are rarely used by paleontologists (e.g., Boyer 2010; 
Finnegan et al. 2012). In this paper, we implement the 
stratigraphic and geographic occurrence data of the 
bivalves, which is one of the best-preserved and 
documented fossil group through the Phanerozoic to 
illustrate how interactive exploration and visualization 
tools such as MS-PowerView and MS-SQL can 
successfully analyze the paleontological data. Therefore, 
we proposed to analyze the bivalve occurrence data and to 
test the ability of the categorization models (decision tree 
and association rules) to generate meaningful ecological 
results. Moreover, we aim to determine the main 
environmental factors that controlling the bivalve 
diversification (temporal) and distribution (spatial).  

DATA AND METHODS 

Dataset 
The bivalve occurrence data is retrieved essentially 

from the PBDB. The PBDB was organized and operated by 
a multi-disciplinary international group of paleontological 
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researchers (Alroy et al. 2001). It provides a global, 
collection-based occurrence and taxonomic data for 
organisms of all ages. The PBDB encourages and enables 
addressing large-scale paleobiological and biological 
questions (Varela et al. 2015). Occurrence and range data 
of bivalve through the Phanerozoic as a whole were 
downloaded from the PANGAEA (for details see 
https://issues.pangaea.de/secure/attachment/97680/Appendi
x%20C.pdf.). The occurrence matrix includes 161,357 
records belonging to 2,378 genera. The data were compiled 
into two tables, the range table, includes genera and their 
First Appearance Datum (FAD) and Last Appearance 
Datum (LAD) in addition to mean abundance longitude. 
While occurrence table include taxonomy (order, family, 
genus), life habit (infaunal, endobysate, epifaunal, boring, 
etc.), diet (suspension feeders, deposit feeders, and 
carnivores, etc.), locomotion (mobile, sessile, etc.), and 
shell composition (aragonite and calcite), in addition to age 
data (epoch, 2 MY bin, and 10 MY bin). Spatial data 
include country, paleo-latitude, and plaeo-longitude 
(Abdelhady 2015).  

Data preparation and standardization 
We introduce herein an easy, office-based approach that 

integrates exploration and visualization tools to different 
biologic and ecologic data sets. The implemented approach 
include data extraction, standardization, classification, and 
visualization of the results (Figure 1). Although the PBDB 
store a high number of paleontological data, from which 
many questions regarding the history of earth can be 
answered, uncertainties about these data clogged such 
interpretations. The results may be a sampling artifact. 
Increasing biodiversity from the Cambrian (540 MY) may 
represent the sampling efforts applied to the younger strata 
(the pull of the recent, Alroy et al. 2001). Therefore and to 
reduce potential errors, pre-processing of fossil data is 
often required before advanced analyses.  

There are many standardization methods such as 
subsampling and residual methods. Although subsampling 
is one of the most frequently used for data standardization, 
its implementation has resulted always in reduction of the 
examined data, which is unfavorable for statistical analysis. 
Subsampling and residual methods were used to test 
reproducibility and consistency of the results of diversity 
calculations. In addition and according to Tomašových and 
Kidwell (2009), square-root transformation of the 
abundance data, downplay the impact of numerically 
abundant species and increase the effect of rare species 
(Abdelhady and Fürsich 2015).  

For measuring sampling effort and for evaluating the 
latitudinal diversity gradient of the bivalve throughout the 
Phanerozoic, the occurrence date was square-root 
transformed for estimating a reliable diversity, origination, 
and extinction rates. Measuring the geographic dispersion 
was done by summing the number of genera in equal grids. 
Each grid include ten latitudinal degrees. The numbers then 
were normalized by the maximum number of occurrences 
(quantifying sampling effort). A computer code was 
developed in Mathematica Wolfram 10 by which 
standardizations were carried out. 

 
 
Figure 1. Schematic representation of the procedures applied in 
this study 

Decision tree and association rules 
The process in which ideas and objects are recognized, 

differentiated, and understood is known as ‘Categorization' 
it implies that objects are grouped into categories for 
specific purpose, and thus, it illuminates a relationship 
between the subjects and objects of knowledge (Cohen and 
Lefebvre 2005). We used two different models herein, the 
association rules and decision tree. Decision tree is data 
analysis in the shape of extracting a model describing a 
considerable data classes (Han et al. 2011). For example, 
we can build a classification model, which predicts whether 
a taxon will be found in a given environment, or predicts 
which of five categories a new database item belongs to. 
Such analysis can assist in providing us with a better 
recognition of the data at large scale. Many classification 
methods have been developed regarding pattern 
recognition, machine learning, and statistical data 
classification, which is a two-step methodology consisting 
of a learning step (i.e., a classification model is built) and a 
classification step (i.e., the model is used to infer class 
labels for given data). The decision tree is a very popular 
classification technique characterized by quick training 
performance (for details see Han et al. 2011). A decision 
tree is a mathematical model, which help managers make 
decisions and it is rely on estimates and probabilities to 
calculate likely outcomes. Thus, it enables individual or 
organization to tack a decision based on costs and benefits 
(Quinlan 1987). Therefore, they can be used either to drive 
informal discussion or to map out an algorithm that 
predicts the best choice mathematically. For example, 
suppose that we have a set of N items, which fall into two 
categories, n have to Label 1 and m = N-n have Label 2. To 
get our data a bit more ordered, they well grouped by labels 
and two ratios will be calculated to estimate the Entropy 
(E): 

 

 
 
The decision tree graph can be read from left to right as 

follows: The rectangles, which are referred to as nodes, 
hold subsets of the data. The title on the node announces 
the defining characteristics of that subset; the leftmost 
node, titled ‘All’, depict the complete data set. All 
Following nodes represent subsets of the data. A decision 
tree contains many splits where the data diverges into 
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multiple sets depending on attributes. As for instance, the 
first split in the sample model divides the dataset into nine 
groups by ‘Taxon Environment' The split immediately after 
the ‘All' node is most important because it shows the 
primary condition that divides this dataset. Extra splits 
occur to the right, thus by analyzing different segments of 
the tree, we can learn which attributes have the most 
influence factor.  

The Association rules are statements that help uncover 
relationships between seemingly unrelated data in 
a relational database or other information repositories. The 
association Rules find all sets of items (itemsets) that have 
supported greater than the minimum support and then using 
the large itemsets to generate the desired rules that have 
confidence greater than the minimum confidence. The lift 
of a rule is the ratio of the observed support to that 
expected if X and Y were independent:  

 

 
 
The data set was analyzed by two related software 

packages, MS-SQL and MS-PowerView. Microsoft SQL 
Server Data Mining is a collection of machine learning 
algorithms that explore your data for patterns. Once 
discovered, these patterns can be browsed for greater 
insight into your data, or they can be applied to new data to 
create "predictions" - which allow you to determine 
unknown facts about data based on data the algorithms 
have seen before. The MS-SQL analysis service is used for 
applying the classification and association rules techniques 
to the data. PowerView and PowerPivot, a feature of 
Microsoft Excel 2013, are used to perform powerful data 
analysis and create sophisticated data models. With 
PowerPivot, one can mash up large volumes of data from 
various sources, create a Data Model, a collection of tables 
with relationships, perform information analysis rapidly, 
and share insights easily. Where the PowerView plug-in 
within Excel 2013 is used to visualize the geographical 
information to enable the user to understand and interact 
with the presented knowledge easily and smoothly. 
PowerView is an interactive data exploration, visualization, 
and presentation experience that encourages intuitive ad-
hoc reporting. Power Pivot and power view have been 
described as the most important new feature in Excel in 20 
years (Winston 2014). 

RESULT AND DISCUSSION 

Bivalve occurrence  
The final dataset encompasses 161,357 taxon 

occurrences belonging to 2,378 bivalve genera and 33 
orders (Table 1). These taxa have variable ecological traits 
regarding shell composition, life-habit, diet, and mobility 
level. The distribution pattern of the bivalves may thus be 
linked to specific biotic or abiotic factor (see below). The 
occurrence of the bivalve orders throughout the geologic 
time scale is given in Table 1. In general, there is a steady 

increase in the bivalve occurrence from the Cambrian 
onward (Table 1). 

Map-based visualization  
Visual representations of the data allow an easy way of 

constructing knowledge (Varlea et al. 2015). Visualization 
of taxon distribution during specific ages using PowerView 
is shown in Figure 2. The PBDB provides a similar 
visualization technique (http://paleobiodb.org/#/). 
However, it lacks important filtering tools. Here we have 
included important auto-ecological filters, namely 
composition, diet, life habit, and locomotion. The 
advantage of such filter is to evaluate the influence of 
ecological parameters on the spatial distribution of the 
biota. Note that according to Fang et al. (2014) and 
Abdelhady and Fürsich (2014, 2015) and Abdelhady and 
Mohamed (2017), ecological aspects such as life-habit 
influence the geographic dispersion of the invertebrates. In 
addition, life-habit (e.g., benthic vs. planktic) of the 
invertebrates is influencing their temporal durations 
(Abdelhady et al. 2018). Pelagic fauna with planktonic 
larvae can be drift for longer distances than do benthic and 
non-planktonic larval taxa. The latter indicates how the 
filters-based visualization technique are useful in 
examining and answering very important ecological 
questions. In addition, the Map-based visualization 
techniques allow the mapped data to be changed 
interactively (Dykes 1997). Thus, it permits the users to 
change the appearance of the objects mapped and 
consequently define clusters. The occurrences map of the 
bivalve according to their life-habit shows that the infaunal 
and epifaunal taxa are the most dominated groups, (Figure 
2), while other life habits are less abundant. Moreover, the 
distribution map indicate a strong latitudinal diversity 
trend. In general, the map visualization (Figure 2) is neat 
and the base map is certainly an aesthetic improvement 
over the base map provided by the PBDB. However, until 
now, there is no possibility to change the modern world 
map with paleomaps, which are more informative in 
paleontological data analyses.  

 

 
 
Figure 2. Distribution of the bivalves according to their life-habit 

 
 

 

https://searchsqlserver.techtarget.com/definition/relational-database
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Table 1. Distribution of the bivalve orders throughout the Phanerozoic (Data compiled from the PBDB) 
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2 
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Anomalodesmacea 

         
4 4 

Arcida 
 

27 6 65 
 

234 168 1270 2353 6530 11295 
Cardiida 
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24 2 4 
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Myalinida 
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80 44 89 225 
Mytilida 
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Ostreida 60 197 288 965 
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Solenida 
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Thraciida 
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Trigoniida 
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Tuarangiida 
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Unionida 3 2 
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 Total 74 2251 1486 5058 1881 7864 11187 25446 34691 60113 161357 

 

 

 
 
Figure 3. Range chart (temporal range of the taxa: species, 
genera, families, etc.) of the bivalve orders through the 
Phanerozoic using the stacked bar charts. Data figured include 
LAD and the duration of the taxa. The timescale is by millions of 
years before 

Chart-based visualization 
There are two forms of data visual representations in 

PowerView; maps and charts. Maps are frequently used for 
climate studies. Meanwhile, charts are needed where no 
country data are examined (i.e. latitudes instead of 
country). Histograms, bar chart, scatter, and bei-graph are 
the most used charts. Therefore, both are integrated into the 
analysis of the bivalve data to explore additional options. 
For example, fossils can be used for relative dating of 
rocks. To date rocks, range chart has to build. Almost all of 
the paleontological articles contain such chart. Using the 
stacked bar chart, temporal range of the taxa (species, 
genera, families, etc.) can be easily constructed. The 
required data are the LADs and the duration of the taxa 
(Figure 3).  

One of the most important charts is that representing 
diversity across time to show the diversity dynamics 
(Figure 4) or across latitudes to show the pattern of the 
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latitudinal diversity gradient (Figure 5). Diversity 
(richness) can be determined based on different taxonomic 
ranks (species, genera, families, etc.). Moreover, the user 
can construct different filtering elements using the 
PowerPivot chart such as life habit, diet and locomotion 
exactly as done in map-based visualization. The five big 
mass-extinctions are clearly shown in Figure 4.  

Again, implementing filters enable answering much 
debated ecological questions. According to Ros et al. 
(2011), the taxa originated under stress such as global 
crises event (the end Permian mass extinction) have longer 
ranges. To test this hypothesis the range of the bivalve taxa 
at the two biggest earth crises, namely the end of Permian 
and the end of Cretaceous were analyzed. The ranges of the 
taxa originated at the beginning of the crises (i.e, Induan ≈ 
252.17 Ma, and Danian≈66 Ma) compared to those 
originated at normal stable conditions (i.e. the Carnian 
≈227 Ma and the Maastrichtian≈ 72.1 Ma) using the range 
chart method described above. Just in few seconds, one can 
answer the question from a lock to the chart, which agrees 
to the hypothesis of Ros et al. (2011) in case of Danian and 
disagree in case of the Induan. Note that taxa originated 
under stress (Induan) have shorte age ranges (contrasting 
Ros et. 2011), while in Danian have longer age ranges 
agree with (Ros et al. 2011). 

Similarly, FADs and LADs can be used to show 
number of originations and extinctions (Figure 5A). Group 
function of the pivot-chart was used to divide the 
Phanerozoic into 18-equal intervals (each = 30 MY). In 
addition, the temporal change of the epifaunal/infaunal 
proportional was constructed using the 100% stacked chart 
(Figure 5B). The information obtained from this chart 
could be used to analyze the diversity patterns at specific 
age or to follow replacement among taxa and their 
controlling factors (autoecological or eco-environmental).  

The latitudinal distribution of the Phanerozoic bivalves 
shows greatest concentrations of occurrences between 10 
and 50 N (Fig. 6). The steepness of the latitudinal pattern 
and the high similarity/correlation with the total number of 
collection may suggest a possible sampling artifact. The 
square-root transformation downplays the impact of 
sampling effort (Fig. 6B). Note that areas located in Europe 
and North America have extensive sampling efforts 

comparatively to those located in Africa or South America; 
Figure 6C).  

 
 
 

 
 
Figure 4. Diversity dynamics (represented number of genera) of 
the bivalve through the Phanerozoic. The beaks on the curve 
represent the 5-major mass extinction events  
 
 
 

 
 
Figure 5. Origination and extinction of the bivalves (A) and the 
percentage of infaunal vs. epifaunal bivalves through the whole 
Phanerozoic (B). X-axis represents age in m.y. before present 

 

 
 
Figure 6. Bar chart shows the Latitudinal (y-axis) Diversity (x-axis, number of genera) Gradient: A. Raw data, B. Square-root data, C. 
‘Sampling effort’ (number of collections) based on the raw data, D. ‘Sampling effort’ after square-root transformation of the raw data, 
E. 3D surface plot of the Latitudinal Diversity Gradient 

A B 
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Data model 
The Data Model enables combining data that comes 

from SQL Server (Winston 2014). DISTINCT COUNT, a 
valuable function is activated when the excel table 
transformed to a data model. The function enable 
estimation of number of distinct genera from multiple 
occurrence record by counting the genus name only once 
and ignore duplications, hence the real number of the 
different taxonomic levels (i.e., genus, family, or order) can 
be estimated together with the normal counts of the 
records, which represent the density of a taxon (frequency 
in the rocks). The density of the collections can also be 
artifact represent the sampling efforts. In addition, relation 
among variable can be directly estimated quantitatively 
(Figure 7). The figure correlates between life mode and diet 
with other biologic or ecologic variables. The score in the 
figure refers to the importance/strength of each variable. 
From Figure 7, we can estimate that there is a strong 
relationship between the bivalve orders and the diet (i.e., 
for each bivalve order there is a specific diet mode for all 
genera included within this order (r = 0.76). in addition 
both environment (abiotic) and life-habit (biotic) can also 
determine the taxon diet (r = 0.26). In addition, for each 
bivalve order, there is a given life-habit (r = 0.6). Similarly, 
environment and shell composition have a considerable 
relation with the life-habit (r = 0. 34 and 0.22, respectively) 
 
Decision tree  

Table 2 summarize two cases of different rules. For 
each rule, the classification model determines number of 
cases and the probability of occurrence. Table 2 

representing the main findings of the decision tree model 
elaborating the selected node (i.e. rule). 

Association rules 
From the itemsets herein, we can conclude that there is 

a complex pattern and association between biotic factors 
(such as life-habit, diet, locomotion) and the biotic ones 
(environment, age, and geographic occurrence (paleo-
latitudes). The Rules tab in Figure 7 combines information 
about the itemsets and their relative value. Probability 
represents the portion of cases in the dataset that contain 
the targeted collection of items. Probability gives a hint of 
how likely the result of a rule is to occur. We can change 
the value of minimum probability in this pane to filter the 
rules that are exhibited. The value for minimum 
probability that we initially see is the threshold value that 
was used by the association rule algorithm when building 
the model. After the model is completed, we cannot reduce 
this value, but we can increase it to show only the higher 
probability items. Importance column is designed to 
measure the utility of a rule. A rule that is very common 
might have little information value. The greater the 
significance, the more valuable the rule is for predicting the 
outcome. Herein, we can summarize the following; 
carnivore bivalve are usually actively mobile taxa. In 
contrast, herbivore bivalves are usually passively mobile 
taxa. 

In addition, deep infaunal bivalve are chemosymbiotic 
taxa dominating the reef environments characterized by 
marl deposition.  

 
 
Table 2. Decision tree rules and their cases and probabilities 
 

Rule Diet value No. of cases Probability  
Taxon Environment = ‘marine' and 
Locomotion = 'actively mobile'  

Chemo-symbiotic 32 77.07% 
Deposit-feeder 9 21.83% 

 Taxon Environment = ‘inner shelf’ or 
 Taxon Environment = ’outer’ or  
 Taxon Environment = ’shelf’ or  
 Taxon Environment = ’oceanic' and  
 LAD > = 103.200 

Chemo-symbiotic 
 
 
 

32 77.07% 

Deposit-feeder 9 21.83% 
 

 
Probability Importance Rule
1.000 Locomotion = passively mobile, Life-habit= boring --> Diet = herbivore
1.000 Locomotion = passively mobile, LAD < 64.4  --> Diet = herbivore
0.848 Locomotion = passively mobile,--> Diet = herbivore
0.979 Locomotion = passively mobile, Paleolat. = -7.3- 22..7 --> Diet = herbivore
0.879 Locomotion = passively mobile, Environment = Marine indet. --> Diet = herbivore
0.569 Life-habit = boring, Paleolat. = -7.3- 22..7 --> Diet = herbivore
0.406 Locomotion = actively mobile, Paleolat. >= 41.2 --> Diet = carnivore
0.434 Life-habit = deep infaunal, LAD < 64.4  --> Diet = chemosymbiotic
0.505 Environment = reef, buildup or bioherm,  Life-habit = deep infaunal --> Diet = chemosymbiotic
0.417 Life-habit = deep infaunal, Lithology = marl, --> Diet = chemosymbiotic
0.812 Taxon environment = coastal, Life-habit = infaunal --> Diet = deposit feeder
0.763 Taxon environment = coastal, Locomotion = facultatively  mobile --> Diet = deposit feeder
0.672 Taxon environment = coastal, --> Diet = deposit feeder
0.990 LAD = 279.91- 39.96, Taxon environment = coastal --> Diet = deposit feeder  

 

Figure 7. The results of the association rules applied to portion of the raw dataset encompassing environment, locomotion, and life habit 
to predict the taxon diet. The figure shows the item, its probability, and its importance 



ABDELHADY & ABDALLA –The Phanerozoic bivalves 

 

1775 

 
Finally, we can clonclude that the application of 

interactive visual methods to analyze paleontological data 
is still hampered for paleontologists and paleo-
climatologists, who are usually non-visualization experts 
(Groth et al. 2012). The goal here was not to describe in 
details a new software or the Phanerozoic history of 
bivalves but to illustrate how to implement the MS-SQL 
and PowerView software to analyze and visualize the 
paleontological data quickly and efficiently. Herein, we 
focused on performing some standard paleobiological 
analysis. In addition to a less-common machine-learning 
analysis. In fact, many of the basic analyses such as 
tabulating diversity, calculating extinction rates can be 
done with the PBDB using FossilWorks website 
(http://fossilworks.org). However, one has no chance for 
filtering such analyses based on bio-ecological traits. 
Furthermore, there are some specialized statistical analysis 
scripts such as PAST (Hammer et al. 2001) to achieve 
particular research purposes. Although PAST is one of the 
easiest statistics packages for paleontologists and 
biologists, it lakes exploratory data analysis or machine-
learning algorithms (i.e. association rules or decision-
making).  

Integrating PowerView with MS-SQL here in has 
enabled the following: (i) Visualizing spatial and temporal 
data in a similar manner to that of PaleoDB package 
(Varela et al. 2015), (ii) Transform records into meaningful 
tables and/or matrices, and (iii) Search and find single 
piece of information, (iv) analyzing portion of the raw data 
based on multiple specific criteria as example it 
determine/draw the geographic range size of taxa that (a) 
are suspension-feeder, (b) belonging to a specific 
taxonomic rank such as family, and (c) that became extinct 
at the end of Cretaceous crises (66 Ma).  

Some limitations in PowerView are present and should 
be highlighted herein. For example, the country map is 
limited to the modern continental configuration, which 
makes this visualization tool of limited utility to 
paleobiologists. Paleobiologists are more interested in 
where fossils were located in the geologic past than where 
they are found today. However, the approach implemented 
herein permits easily map/charts visualization in addition to 
many community analyses necessary for paleo-/ecological 
interpretation and ecosystem reconstructions. The results 
indicated that environmental type are the main factor 
controlling bivalve taxa (their diet, life-habit, etc.). In 
addition, there is a cyclic pattern among these attributes 
(i.e. they affect each other).  

We concluded that decision tree and association rules 
may provide a valuable and advanced information for 
finding relationships among biological/ecological traits and 
their environmental parameters.  
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