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What are Just Prices

« Justice and fairness in pricing of products and services

« Equal exchange of value between buyer and seller

« Philosophized since ancient Greece (500 BC)

« Some principles defined by Christian scholars around 17t century

« Special importance in information technology age



Importance in Information
Technology Age

Internet big part of exchange of goods and services
Growing importance of digital products

Pricing of digital goods unclear:
« Movie/Music licenses
« Copies of software
« Usage of internet itself

Source: http://www freepik.com, Designed by pikisuperstar / Freepik



http://www.freepik.com/

Scholastic Principles

Cost-Of-Production Theory

Cost of production and labor
_I_

Reward for the seller according to level of
profession

Price

Subjective Utility Theory

Price = Utility it will provide

True value is the human need for the good,
not intrinsic/materialistic value

- Comparable to todays reservation price
theory

Source: Monsalve, F. (2012, January 21). Scholastic just price versus current market price: Is it merely a matter of labelling? European Journal of The History of Economic Thought - EUR J HIST ECON THOUGHT Vol. 21, pp. 1-17.



Scholastic Principles

Another important aspect is the “Natural Price”.
« Price that is a common estimation of the value of the product
« Comparable to competitive market price

This principle is used today in:
« Stock Markets
« Biddings

Question still remains: Are those prices fair?
« Goods on stock market often subject to speculations
« > Price of resources change, value remains the same

Source: http://www.freepik.com, Designed by macrovector_official / Freepik

Source: Monsalve, F. (2012, January 21). Scholastic just price versus current market price: Is it merely a matter of labelling? European Journal of The History of Economic Thought - EUR J HIST ECON THOUGHT Vol. 21, pp. 1-17.


http://www.freepik.com/

Current pricing methods

Mobile internet providers most important service

Pricing method - Internet packaging:

« Certain amount of GB allowed to use

Additional Costs:

« Incidental Cost
Fees for administrative services like changing number, blocking SIM

« Overage Charges
Costs for using mobile data over agreed limit

Source: http://www freepik.com, Designed by Freepik

Source: Tristan, L. (2013, September 22). The Real Price of Wireless Data. Retrieved from Forbes: https://www.forbes.com/sites/tristanlouis/2013/09/22/the-real-price-of-wireless-data/#1b8485c7749f,
Arbeiterkammer. (2020, May 5). Retrieved from AK Test: ,Bunte Welt” der Nebenspesen bei Handyanbietern! : https://www.arbeiterkammer.at/beratung/konsument/Handyundinternet/Handy/Nebenkosten_Mobilfunk.html



http://www.freepik.com/
https://www.forbes.com/sites/tristanlouis/2013/09/22/the-real-price-of-wireless-data/#1b8485c7749f

Overage charges

T exceeding this limit, every additional MB has to be bought
Prices for additional data exceeding limits very expansive

Providing one additional MB creates equal effort for the
provider to data provided within contract

Why is one additional unit more expansive than the units
before?

Source: http://www freepik.com, Designed by Freepik

Source: Tristan, L. (2013, September 22). The Real Price of Wireless Data. Retrieved from Forbes: https://www.forbes.com/sites/tristanlouis/2013/09/22/the-real-price-of-wireless-data/#1b8485c7749f



http://www.freepik.com/
https://www.forbes.com/sites/tristanlouis/2013/09/22/the-real-price-of-wireless-data/#1b8485c7749f

Package prices of various providers

Overage charges

Price of additional bandwidth of

various providers

Sprint

Bandwidth (Ch) AT&T Verizon T-mobile
5 $20
1
2
2.5 $30
3 $34.99
4 %30 $30
4.5 %40
6 340 540 $49.99
6.5 $50
8 $50
8.5 $60
10 %60 $60
10.5 $70
12 $70 $79.99
14 $80
15 $90
16 $30
18 %100 Not Available
20 $10 $110
30 $185 $185
40 $260 $260
50 £335 $335

Bandwidth (Gh) AT&T Verizon Sprint
.5 60 360 $69.98
1 $30 $30 $34.99
2 $17.50 $17.50 $16.67
2.5 $12 $12 $14
3 $10 $10 .66
4 $7.50 $7.50 $2155

4.5 10 $10 $3053
6 $6.67 $6.67 $8.33
6.5 $8.46 $8.46 $15.57
8 $8.75 $6.25 $19.05
8.5 $10 $7.65 $22.62
10 $6 $6 $25.48
10.5 $7.14 $7.14 $27.82
12 $7.50 $5.83 $6.67
14 $8.57 $5.71 $13.03
15 $6 $6.33 $15.57
16 $6.88 $5.63 $17.80
18 $6.1 $5.56 $2151
20 $5.50 $5.50 $24.48
30 $6.17 $6.17 $33.39
40 $6.50 $6.50 $37.84
50 $6.70 $6.70 $40.51

Source: Tristan, L. (2013, September 22). The Real Price of Wireless Data. Retrieved from Forbes: https://www.forbes.com/sites/tristanlouis/2013/09/22/the-real-price-of-wireless-data/#1b8485c7749f



https://www.forbes.com/sites/tristanlouis/2013/09/22/the-real-price-of-wireless-data/#1b8485c7749f

Streaming Services

2010s new method of pricing digital media
- Subscription based Model

Access to big database of movies/music for small monthly
payment

- Provider only makes profit with big amount of customers

Many providers: Spotity, Netflix, Disney+, Apple Music, ...

Too strong price discounting — provider not receiving equal value
- Prices not Just!

Source: How Spotify came to be worth billions. (2018, March 1). Retrieved from BBC: https://www.bbc.com/news/newsbeat-43240886
Netflix Revenue 2006-2020 | NFLX. (2020, May 10). Retrieved from Macrotrends: https://www.macrotrends.net/stocks/charts/NFLX/netflix/revenue



https://www.bbc.com/news/newsbeat-43240886
https://www.macrotrends.net/stocks/charts/NFLX/netflix/revenue

Data Collection to Determine Prices

Profiles are created for every individual using information like:
- Age
« Sex
» |nterests
« Online behavior
« Address
 Estimated income

Using behavioral and non-behavioral data about user

to determine prices based on:
 Location

Estimated reservation price

Interest

Demographic features Source: http//www.freepik.com, Designed by katemangostar / Freepik

Source: Wiedmann, K. B. (2002). Customer profiling in e-commerce: Methodological aspects and challenges. J Database Mark Cust Strategy Manag 9, 170-184.


http://www.freepik.com/

Behavioral Data Collection

Information about users behavior is collected:
« Browsing behavior
« Time spent on websites and subpages
« Clicking behavior
« Visiting frequency

No personal or identifiable information

Different technologies available:
« LOG Files
« CGl-based Files
« Cookies
« Special purpose software

Source: http://www.freepik.com, Designed by slidesgo / Freepik

Source: Wiedmann, K. B. (2002). Customer profiling in e-commerce: Methodological aspects and challenges. J Database Mark Cust Strategy Manag 9, 170-184.


http://www.freepik.com/

Log Files

Recording of connection between client (user) and provider (server)

- client-server principle

Collected data include:
« |P Address
« UserlID
« Time and date

« URL Request
« Agent

« Referrer (previously visited website)

IP Address User id Time Request (Method/URL/Protocol) Status Size Referrer Agent

123.456.78.8 -- [08/May/2001:03:04:41 - 0500] “Get Buxel.html HTTEA 0" 200 3290 - Mozilla3.04 (Winas,1)
123.456.78.8 -- (08P ay/2001:03:04:51 - 0500 “Get Wiedmann.html HTTR/.0" 200 5450  Buxel.htmil Mozilla3.04 (Winas,1)
123.456.78.8 - [02/May/2001:03:05:32 - 0500 “POST/eqi-bin/p1HTTRA.0" 200 5098 Wiedmann.html Mozilla/3.04 (Winds,l)
123.456.78.8 - [02/May/2001:03:05:41 - 0500 “Get Buxelhtml HTTRM.0" 200 3290 - Mezilla (IE4.2, WinNT)
123.456.78.8 - [02/May/2001:03:05:58 - 0500 “Get Wiedmann.html HTTF/1.0" 200 5450  Buxel.htmil Mezilla (IE4.2, WinNT)
123.456.78.8 - [02/May/2001:03:08:30 - 0500 “Get Franzalhtml HTTPA 0" 200 1000 Wiedmann.html Mezilla (IE4.2, WinNT)
123.456.78.8 - [02/May/2001:03:07:11 - 0500 “Get Bucklerhtml HTTPA.0" 200 2020  FEhtml Mozilla/3.04 (Wind5,I)
123.456.78.8 - [D2/May/2001:03:07:45 - 0500 “Get Halstrup.html HTTPA 0" 200 3030 Frenzelhtmi Mozilla (IE4.2 WinNT)
123.456.78.8 - [02/May/2001:03:12:23 - 0500 “Get Maissnerhtml HTTPA.0" 200 4040 Wiedmann.html Mozilla/3.04 (Wind5,I)
123.456,78.2 - [D2/May/2001:05:05:11 - 0500 “Get Buxelhtml HTTRA.0" 200 3290 = Mozilla/3.04 (Wind5,I)
123,458,783 =1 [D8/May/2001:05:08:03 - 0500 “Get Walsh.html HTTP/M.0" 200 4040 Buxel html Mozilla/3.04 (Winds,[)
123,458,785 =1 [D8/May/2001:05:08:05 - 0500 “Get mbots txt” 200 1020 = Mozilla/3.04 (Winds,[)
233.899.79.4 =1 [08/May/2001:05:0807 - 0500 “Get Buxelhtml HTTRA 0" 200 3230 = Ultrasea k

Source: Wiedmann, K. B. (2002). Customer profiling in e-commerce: Methodological aspects and challenges. J Database Mark Cust Strategy Manag 9, 170-184.



CGl-Files & Cookies

CGl-based Files: Cookies:

« Common Gateway Interface used « Small data structures sent from a Web
between web forms and programs for server to users browser and saved on
communication and recording of user users hard drive
activities

« > With sufficient information sent back

« Saves additionally: to server

« Access patterns

« Client certificate

- Certificate issuer « Data saved can be specified by provider:

« Location + Language preferences
« Entered web forms
« Search terms

« Supplements Log file data . Visited subpages

Source: Wiedmann, K. B. (2002). Customer profiling in e-commerce: Methodological aspects and challenges. J Database Mark Cust Strategy Manag 9, 170-184.



Non-Behavioral Data Collection

« Personal and identifiable information about a person:
« Demographic
 Socio-economic status
« Psychographic profile
* Interests

« Often derived from behavioral data
(e.g. search behavior shows interests, hobbies)

« Retrieved from entered web forms
(e.g. creating account and entering address, e-mail, ... )

Source: Wiedmann, K. B. (2002). Customer profiling in e-commerce: Methodological aspects and challenges. J Database Mark Cust Strategy Manag 9, 170-184.



Processing of data using prediction
models

Use of different Machine Learning algorithms to analyze patterns in
existing data and predict new information:

—>Prediction of behavior of customers
—>Mining information in order to optimize service
—>Find out future purchasing preferences

Source: http://www freepik.com, Designed by / Freepik

> Possibility arises to predict/calculate optimal prices (e.qg. reservation
prices) for individuals based on collected data

Source: Alpaydin, E. (2020). Introduction to machine learning. MIT press.
Cunningham, P., & Delany, S. J. (2020). k-Nearest Neighbour Classifiers: 2nd Edition (with Python examples). arXiv preprint arXiv:2004.04523.


http://www.freepik.com/

Machine Learnin
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Source: Machine Learning in MATLAB. (2020, May 20). Retrieved from Matlab: https://in.mathworks.com/help/stats/machine-learning-in-matlab.html?w.mathworks.com



https://in.mathworks.com/help/stats/machine-learning-in-matlab.html?w.mathworks.com

Example: k-Nearest-Neighbors
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Grey cross (unknown entry) is classified to the
cluster where k nearest neighbors belong

Distance to neighbors is calculated based on
given features

Classification can be a unknown attribute of the
data point (e.g. Netflix predicts movie the user
would like based on people with similar media
consuming behavior)

Source: Gomez-Uribe, C. A., & Hunt, N. (2020). The Netflix Recommender System. ACM Transactions on Management Information Systems, Volume 6, Issue 4, 1-19.
Maklin, C. (2019, July 22). K Nearest Neighbor Algorithm In Python. Retrieved from Toward Data Science: https://towardsdatascience.com/k-nearest-neighbor-python-2fccc47d2a55



https://towardsdatascience.com/k-nearest-neighbor-python-2fccc47d2a55

Pricing based on data

Some suggestions:

« Adjusting prices to regional average income using users location (e.g. has higher
income/prices than Austria = prices should be adjusted accordingly, differentiating
poorer/richer region)

« Use demographic information to set prices (e.g. younger clientele often have limited
budgets)

« Use behavior tracking (e.g. time spent on site, ...) to estimate/predict reservation price
(= how much value the product poses for the potential buyer)



Thank you for your attention

Source: http://www freepik.com, Designed by / Freepik

Source: http://www.freepik.com, Designed by slidesgo / Freepik
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