
COGS138: Neural Data Science
Lecture 8

C. Alex Simpkins, PhD 
UCSD Dept. of Cognitive Science, Spring 2023 

RDPRobotics, LLC 
http://casimpkinsjr.radiantdolphinpress.com/pages/cogs138_sp23 

Department of Cognitive Science

rdprobotics@gmail.com | csimpkinsjr@ucsd.edu

mailto:rdprobotics@gmail.com
mailto:csimpkinsjr@ucsd.edu?subject=


Plan for today

• Announcements 
• Assignment 2 overview 
• Review - Last time 
• More on Data, Visualization, and outlier detection 
• Group projects introduction



Announcements
• A1 - not everybody turned it in, if you have not please do and email me! 

• A2 - due a week from release, on data hub 

• Reading 2 - Released on canvas and in web site password protected area 
soon, lecture quiz due a week from release

• Group formation - check canvas for empty groups, please self-sign up 

• Previous project review released tonight



Last time



Course links
Website http://casimpkinsjr.radiantdolphinpress.com/pages/

cogs138_sp23

Main face of the course and everything will be 
linked from here. Lectures, Readings, Handouts, 
Files, links

GitHub https://github.com/drsimpkins-teaching files/data, additional materials & final projects

datahub https://datahub.ucsd.edu assignment submission

Piazza
https://piazza.com/ucsd/spring2023/

cogs138_sp23_a00/home
(course code on canvas home page)

questions, discussion, and regrade requests

Canvas https://canvas.ucsd.edu/courses/44897 grades, lecture videos

Anonymous 
Feedback Will be able to submit via google form

If I ever offend you, use an example you are 
uncomfortable with, or to provide general 
feedback. Please remain constructive and polite

http://casimpkinsjr.radiantdolphinpress.com/pages/cogs138_sp23
https://github.com/drsimpkins-teaching
https://datahub.ucsd.edu
https://canvas.ucsd.edu/courses/44897


Data structures (Types, Tidy Data, 
Data Intuition), Data Cleaning



Neural data and structures

• Neural data science generates and processes large amounts of 
data 

• Data must be stored in some organized way for analysis - 
“Structure” 

• There are three classes of data storage we will discuss - 
structured, semi-structured, unstructured



Data Structures Review

Structured data  

• Can be stored in database SQL   

• Tables with rows and columns 

• Requires a relational key 

•  5-10% of all data

 Semi-structured data 

! Doesn’t reside in a relational 
database  

! Has organizational properties 
(easier to analyze)  

! CSV, XML, JSON 

Unstructured 

! Non-tabular data  

! 80% of the world’s data 

! Images, text, audio, videos



Question

• Why do we do this? What do you think?  

• Could we perform neural data science without understanding data 
structure or giving it any thought?



(Semi-)Structured Data 

Data that is stored in such a way that it is easy to search and work with. 
These data are stored in a particular format that adheres to organization 
principles imposed by the file format. These are the data structures data 
scientists work with most often.



CSV filesEach column 
separated by a 
comma

Each row is 
separated by a 
new line

Has the 
extension “.csv”

CSV



CSV



{"Name": "Isabela"}

JSON: key-value pairs 
nested/hierarchical data

key value

JSON



https://blog.exploratory.io/working-with-json-data-in-very-simple-way-ad7ebcc0bb89 

These are all 
nested within 
attributes

These are all 
nested within 
“Good For”

JSON

https://blog.exploratory.io/working-with-json-data-in-very-simple-way-ad7ebcc0bb89


$node 
<tag> 
 <tag2> more content </tag2> 
 <tag3> more content </tag3> 
</tag> 

An element

An opening tag

A closing tag

A node

Extensible Markup Language  (XML): nodes, tags, and elements
nested/hierarchical data

XML



XML
adapted from Chris Keown



Relational Databases: A set of interdependent tables

1. Efficient Data Storage 

2. Avoid Ambiguity 

3. Increase Data Privacy

relational 
database



unique_identifier

AH13JK

JJ29JJ

CI21AA

unique_identifier

AH13JK

JJ29JJ

JJ29JJ

XJ11AS

CI21AA

unique_identifier

AH13JK

SE92FE

CI21AA

Information is stored across tables

entries are related to one another by their unique 
identifier

relational 
database



id inspection_da
te inspector score

AH13JK 2018-08-21 Sheila 97

JJ29JJ 2018-03-12 D’eonte 98

JJ29JJ 2018-01-02 Monica 66

XJ11AS 2018-12-16 Mark 43

CI21AA 2018-08-21 Anh 99

name id address type

Taco 
Stand AH13JK 1 Main St. Mexican

Pho Place JJ29JJ 192 Street 
Rd. Vietnamese

Taco 
Stand XJ11AS 18 W. East 

St. Fusion

Pizza 
Heaven CI21AA 711 K Ave. Italian

id stars

AH13JK 4.9

JJ29JJ 4.8

XJ11AS 4.2

CI21AA 4.7

restaurant health inspections rating

relational 
database



id inspection_da
te inspector score

AH13JK 2018-08-21 Sheila 97

JJ29JJ 2018-03-12 D’eonte 98

JJ29JJ 2018-01-02 Monica 66

XJ11AS 2018-12-16 Mark 43

CI21AA 2018-08-21 Anh 99

name id address type

Taco 
Stand AH13JK 1 Main St. Mexican

Pho Place JJ29JJ 192 Street 
Rd. Vietnamese

Taco 
Stand XJ11AS 18 W. East 

St. Fusion

Pizza 
Heaven CI21AA 711 K Ave. Italian

id stars

AH13JK 4.9

JJ29JJ 4.8

XJ11AS 4.2

CI21AA 4.7

restaurant health inspections rating

relational 
database

Two different restaurants with the same name will 
have different unique identifiers



Unstructured Data

Some datasets record information about the state of the world, but in a more 
heterogeneous way. Perhaps it is a large text corpus with images and links 
like Wikipedia, or the complicated mix of notes and test results appearing in 
personal medical records.



Source: TechTarget

Text files 
and 

documents

Websites 
and 

applications

Sensor
data

Image
files

Audio
files

Video
files

Email
data

Social 
media
data

Unstructured Data Types



Tidy Data



"Good data scientists understand, in a deep way, 
that the heavy lifting of cleanup and preparation 
isn't something that gets in the way of solving the 

problem: it is the problem." - DJ Patil



https://medium.com/@miles.mcbain/tidying-the-australian-same-sex-marriage-postal-survey-data-with-r-5d35cea07962 

untidy data

tidy data

data

wrangling

https://medium.com/@miles.mcbain/tidying-the-australian-same-sex-marriage-postal-survey-data-with-r-5d35cea07962


Tidy Data
1. Each variable you measure should be in a single column

2. Every observation of a variable should be in a  different row



Demographic Survey Data

Doctor’s Office Measurements Data

3. There should be one table for each type of data



4. If you have multiple tables, they should include a column in each with 
the same column label that allows them to be joined or merged



Tidy data == rectangular data

Broman KW, Woo KH. (2017) Data organization in spreadsheets. PeerJ Preprints 5:e3183v1 https://doi.org/10.7287/peerj.preprints.3183v1

https://doi.org/10.7287/peerj.preprints.3183v1


Tidy Data Benefits

1. Consistent data structure 

2. Foster tool development 

3. Require only a small set of tools to be learned 

4. Allow for datasets to be combined



Data Intuition



https://www.youtube.com/watch?
v=0YzvupOX8Is

http://www.youtube.com/watch?v=0YzvupOX8Is
https://www.youtube.com/watch?v=0YzvupOX8Is


https://what-if.xkcd.com/84/

Has humanity produced enough 
paint to cover the entire land area of 
the Earth?

—Josh (Bolton, MA)

https://what-if.xkcd.com/84/


Fermi Estimation

Has humanity produced enough paint to cover the entire 
land area of the Earth?

A
YES

B
NO



https://what-if.xkcd.com/84/
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Data Intuition
1. Think about your question and your expectations 

2. Do some Fermi calculations (back of the envelope calculations) 

3. Write code & look at outputs <- think about those outputs 

4. Use your gut instinct / background knowledge to guide you 

5. Review code & fix bugs 

6. Create test cases - “Sanity checks”



What is data cleaning?

• Fixing/removing incorrect, corrupted, incorrectly formatted, 
duplicate, incomplete, data within a dataset 

• Many issues combining data sources and types, researcher styles, 
standards, recording errors, etc



Consequences of poorly cleaned data

• Unreliable outcomes and algorithms 

• Difficult to detect these issues 

• Biased results 

• Failure to process algorithms (for example NANs causing errors)



Variability in cleaning

• There is no one process to clean data 

• Varies from set to set, project to project, software to software 

• But can establish a ‘template’ procedure/process of ‘check-offs’ to 
make sure you’ve done your best to address it



Methods can be

• Interactive through ‘wrangling tools’  

• Automated through scripts, programs or other software (batch 
processing)



On to today…



A quick overview of one possible data cleaning 
process example

1.View your data (EDA) - commands (‘print()’, ‘dataFrame.head()’, 
‘dataFrame.shape’) 

2.Compute the missing proportions of data (NANs etc) 

3.View each column data type, format, content 

4.Check for trailing white spaces in text, eliminate characters that are 
irrelevant (punctuation, symbols, etc) 

5.Explore if any columns need to be split or combined 

6.Check uniqueness of values (sanity check)



To the notebook overview



Visualization of neural data

• https://mne.tools/stable/auto_tutorials/evoked/
20_visualize_evoked.html 

• https://mne.tools/stable/auto_tutorials/inverse/
70_eeg_mri_coords.html#sphx-glr-auto-tutorials-inverse-70-eeg-mri-
coords-py 

https://mne.tools/stable/auto_tutorials/evoked/20_visualize_evoked.html
https://mne.tools/stable/auto_tutorials/inverse/70_eeg_mri_coords.html#sphx-glr-auto-tutorials-inverse-70-eeg-mri-coords-py


Outlier detection


