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Abstract
With the advent of the Internet and creation of information goods, the concept of price and pricing information goods has 
become one of the most interesting and innovative topics in information technology management and economics. In the cost 
structure of information goods, its reproduction cost is negligible compared to original version. Therefore, policies must be 
adopted to prorate the prime cost of the original version according to the demand for all reproduced copies. It means that 
based on the cost structure, market and the characteristics of information goods, the usual methods for pricing information 
products are not efficient and traditional pricing (cost plus profit), which is common way for most consumer and industrial 
goods, is not useful. In this paper, a model is proposed for dynamic pricing of information goods that adapts revenue man-
agement systems to create more profit for sellers and uses recommender systems to personalize prices which leads to cus-
tomer welfare along with increasing profit. Economic analysis of the model by movie store datasets illustrates its desirable 
performance for increasing seller’s profit and customer’s welfare.

Keywords Pricing · Information goods · Recommender system · Revenue management system

Introduction

In the purchasing process, price is one of the major factors. 
The flexibility of this factor doubles the importance of its 
role in maximizing the seller’s profit which has led the sup-
pliers and managers to focus on pricing. With the advent of 
the Internet, an opportunity has been created that allows the 
managers of information technology firms to dynamically 
revise their product prices in a competitive market. In such 

a situation, the role of dynamic pricing has become more 
important and software components get more involved. In 
addition, the development of an appropriate pricing strategy 
is a difficult and, at the same time, a fundamental problem 
for the managers of information technology firms and the 
failure to understand the correct pricing decisions will result 
in a loss of profitable market opportunities. Pricing is a mul-
tidimensional process that is influenced by the product, the 
profit margin, and customer relationships. Consequently, 
many manufacturing and service companies face serious 
problems for pricing their products properly.

In the cost structure of information goods, the cost of 
reproducing it from the original version is negligible, and 
policies must be adopted so that the cost of the original ver-
sion is prorate according to the amount of demand on the 
reproduced copy. Accordingly, due to the cost structure and 
unique features of the information goods including (lack of 
erosion, ease of copying, network effect, and trial), tradi-
tional pricing strategies (final cost plus reasonable profit-
ability) may not be useful for information goods [(Chang and 
Yuan 2009) as well (Jones and Mendelson 2011)]. From this 
perspective, perhaps the most important gap in the research 
literature on information goods pricing is the lack of empiri-
cal studies to overcome the above problems and realistic 
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simulations on a large scale considering information goods 
pricing and its economic analysis from the customer satis-
faction point of view and increased profitability for sellers 
(Spingies and du Toit 1997). Hence, in this research, a model 
for pricing information goods is presented in which informa-
tion goods pricing is done based on its specific characteris-
tics for more profitability and customer satisfaction focusing 
in particular on dynamic pricing, using a combination of 
“revenue management systems” for profitability and “recom-
mender systems” for price personalization.

Theoretical basis of research

Dynamic pricing

Pricing simply means placing a value on goods or services 
(Shipley and Jobber 2001). Pricing is an activity that needs 
to be repeated and is a continuous and ongoing process 
(Azaria et al. 2013). This continuity is because of environ-
mental changes and instability of market conditions which 
makes price adjustment necessary. Dynamic pricing happens 
in an environment where prices are not fixed but flexible 
(Mohammed et al. 2002). Dynamic pricing is the study of 
determining optimal selling prices of products or services, in 
a setting where prices can easily and frequently be adjusted 
(den Boer 2015). Dynamic pricing is computed based upon 
the various factors affecting it. These factors may change 
with time, demand, weather conditions, and culture (Saharan 
et al. 2020).

Information goods

Most research studies in the field of pricing define informa-
tion goods as commodities that can be digitally transmit-
ted through networks such as the Internet (Kai and Patrick 
2002). Examples of information products include computer 
software, e-books, e-journals, databases, music, movies, 
television programs, and search engines such as Google 
and Yahoo. Information goods are also classified as tools 
and services (such as anti-viruses) of content-based digital 
products (such as books and journals) and online consulting 
services (Wang 2004; Fiig et al. 2016).

Price discrimination based on customer willingness 
to pay

The ability to experimentally use of the information prod-
uct (demo version) as well as the ability to make different 
edits of it has made such products susceptible to market 
segmentation based on customer preferences. This strat-
egy has also been referred to as “price discrimination” in 
some sources (Linde 2009). The basis of this strategy is 

that the willingness to pay by different customers for a 
particular item is not the same. Thus, by discriminatory 
prices, consumer groups are absorbable because of differ-
ent willingness to pay, and in contrast to standard prices, 
discriminatory prices could increase revenues and profits 
for the producer and boost desirability for the consumer 
(Şen 2013).

The best price discrimination strategy is full price dis-
crimination, which can be usually done by having enough 
information about customers, and it is done in such a way 
that by having customers’ purchase history along with 
their profile details, the product required by a customer 
can be personally priced for him/her. Another strategy 
for price discrimination is group price discrimination, in 
which a single product is offered to different groups at 
different prices, so that the price is the same within the 
groups. This strategy is used when the customer group is 
easily identifiable (Wang 2004). Because it is difficult to 
determine customers’ willingness to pay (because custom-
ers will not arbitrarily reveal their true willingness to pay), 
the willingness to pay can be based on what it is related to. 
This article assumes that quality-sensitive customers tend 
to pay higher than standard and price-sensitive customers.

Revenue management systems

Advent of data warehouses and cheap computing power 
have allowed the use of revenue management systems for 
many applications as a software solution in recent years 
(Quante et al. 2008). The revenue management system 
refers to a system that generates maximum revenue or 
profit from a certain number of goods, considering cus-
tomer behavior which is more likely to be applied for per-
ishable goods or the ones with expiration date (Spingies 
and du Toit 1997). The classic model of revenue manage-
ment systems is capacity allocation which seeks to find 
the best way to do it based on the demand certainty. Since 
our goal is to sell information goods with different edi-
tions, using the dynamic models of this technique seems to 
be suitable. The dynamic pricing model of this technique 
includes selling the right product to the right costumer at 
the right time and right price in which the customer’s will-
ingness to pay is considered (Spingies and du Toit 1997). 
This means that customers are not alike in their willing-
ness to pay and this method usually offers different prices 
for the same goods and services. For example, in booking 
a plane ticket, by recognizing the price-insensitive cus-
tomer who is not sensitive to price but only sensitive to the 
time and date of the flight and the price-sensitive customer 
who seeks to minimize the cost and price, the same plane 
ticket is offered at different prices, which ultimately leads 
to more sale and consequently more profit.
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Recommender systems

Recommender systems are systems that can analyze past 
behaviors and provide recommendations for current issues. 
Simply, the recommender systems attempt to identify and 
recommend the best and closest product to the user based on 
their taste by guessing the user’s way of thinking (with the 
help of information that describes how the users treat and 
their opinions which are available) (Liang 2008). Applying 
commercial technology of recommenders began in the late 
90s. The most popular application of recommender systems 
is Amazon website that suggests items to the user based on 
the purchase history, visit history, and the item that the user 
is browsing (Talluri et al. 2005). Since its introduction by 
Amazon, recommender technology is often based on col-
laborative filtering in many e-commerce and online systems. 
The toolkit techniques of recommender system have been 
expanded more than collaborative filtering, and include con-
tent-based filtering based on information retrieval methods, 
Bayesian inference, and case-based reasoning (Ricci et al. 
2011). These methods focus on the content or the main fea-
tures of the items to be recommended, rather than the user 
rating patterns. By growing various recommender strategies, 
hybrid recommender systems have also emerged and com-
bined different algorithms in systems based on the strength 
of their algorithms.

Research background

A comprehensive review of pricing literatures suggests that 
most studies are related to physical goods rather than infor-
mation goods. While today, the sale of information goods 
has gained a lot of benefits to organizations and understand-
ing the information goods pricing has become a crucial 
issue. On the other hand, despite the importance of pric-
ing, because of the specific characteristics of the informa-
tion goods, few practical studies have been conducted on 
information goods pricing. Therefore, according to Varian 
(1995) and Ponelis (2014), market characteristics of infor-
mation goods are closer to those of monopolistic markets. 
According to Varian (1995), since the final cost of the infor-
mation goods is very low and close to zero, manufacturers 
can reduce the price of the goods to the final cost. Since the 
sale of products at this price cannot cover fixed costs, many 
manufacturers are forced to leave the market and only one 
producer is likely to remain in the market with the ability to 
control prices and market. Therefore, in practice, the infor-
mation goods market is an oligopoly market rather than a 
monopoly, because today we are clearly witnessing the activ-
ity of several active and giant information firms in the field 
of supply of information goods. In this regard, Shapiro and 
Varian (1988) believe that the value of information should 
not be based on its production costs, but should reflect the 

value that the consumer creates. Chang and Yuan (2009), 
as well as Jones and Mendelson (2011), after conducting 
their research, have argued that because of the cost structure 
of the unique features of the information goods, traditional 
pricing strategies (final cost plus reasonable profit) are not 
useful for information goods.

A research background review on revenue management 
systems for information goods pricing suggests that these 
systems have been used in the airline ticket sales industry 
since the mid-1980s, and then, in relation to hotel industry, 
car rentals, car park industry, the allocation of ad scheduling 
in mass media (Capocchi 2019). This technique is mostly 
used for perishable goods or goods with expiration date and 
some of which has also been used to discriminate the price 
of goods; however, studies have not been used for informa-
tion goods pricing until the publication of this research.

In addition, commodity pricing with recommender sys-
tems also contains valuable information. Accordingly, in a 
study conducted by Mohammad Massoud and AbuRizka 
(2012), recommender systems have been used directly to 
personalize pricing. These two Egyptian researchers have 
developed a conceptual model consisting three parts of the 
price controller, the customer valuation section, and the dis-
count classifier section, in which users are evaluated online 
and then the appropriate stuff is offered to customers. A 
remarkable point in this research is the customer valuation 
section, where by valuing the costumer, price is customized 
for him/her. In another study, Azaria (2013) has presented 
a movie recommender system for sale with maximizing 
profit, in which an algorithm has been made based on the 
price of the film and the ratings of the users who have previ-
ously watched the movie. Of course, the seller’s promotion 
is included in a part called the hidden agenda setting in the 
algorithm where seller can introduce the films, he/she wants 
to promote. Research by Beladev et al. (2016) has also used 
recommender system to categorize product for selling more 
items. Beladev et al. have stated in their research that gen-
erating bundle recommendations, i.e., recommendations of 
two or more items together, can satisfy consumer needs, 
while at the same time increases customers’ buying scope 
and the firm’s income. They also consider finding and rec-
ommending an optimal and personalized bundle, and states 
product package should also include personal pricing to pre-
dict how much of the product should be offered to approach 
the packages to the maximum probability of the purchase. 
In an article by Liu et al. (2017), recommender systems are 
used to plan and create new products. This means that in this 
research, the recommender systems help sellers in planning 
for the production of new goods by filtering users’ requests 
and by collecting data from customers, align their requests 
with the production of new goods. Zhang and Golpayegani 
(2018) explain the use of recommender systems for manag-
ing demand in intelligent supply chain management, and 



 H. Adelnia Najafabadi et al.

state that Amazon uses recommender systems for custom-
izing recommendations, bundling recommendation, prod-
uct recommendations according to customer characteristics, 
related recommendations, history recommendations, user-
based recommendations, new version recommendations, 
recommending most popular and best-selling products, and 
after-purchase recommendation to encourage the purchase 
for the next item. In another interesting study, the research-
ers Greenstein-Messica and Rokach (2018) have tested the 
proposed approach model and have proven their credibil-
ity and effectiveness by checking eBay trading data for six 
months by considering product price, seller’s reputation, and 
the customer’s willingness to pay.

Conceptual model of research

In the beginning of this section, we describe the presented 
model in this paper and next the functions of each part will 
be explained.

DPRR System (Dynamic Pricing with aid of Revenue 
management and Recommender System)

The model presented (DPRRS) (Fig. 1) in this paper is 
based on editions of information goods for third-degree 
price discrimination. In third-degree discrimination, the 
same information good is offered to different groups with 
different prices so that the price is the same in each group. 
For this reason, third-degree price discrimination is called 
“Group pricing.” This strategy is used when different 

customer groups are easily recognized (Fiig et al. 2016). 
With this technique, the company offers its products in 
various editions, among which, the edition is recom-
mended to customers which is appropriate to them based 
on their purchase records and profile and they are willing 
to pay for it. To make sure that customers with high will-
ingness to pay do not tend to products for customers with 
low willingness to pay, the exact implementation of this 
technique will be crucial. In other words, editions which 
are designed for people with high willingness to pay must 
have advantages over editions designed for people with 
low willingness to pay. Willingness to pay should be based 
on relevant product since determining customers’ willing-
ness to pay is difficult (because customers do not show 
their real willingness to pay voluntarily). In this paper, 
it is assumed that customers who give better scores to 
films, in addition to willingness to pay more, are deserved 
to get higher quality product rather than price-sensitive 
customers.

In this paper, it is also assumed that films in online 
store are offered with three editions: high, standard, and 
low quality, and customers are myopic customers and do 
not have possibility to choose high, standard, low-quality 
edited films and their willingness to pay is according to 
their preferences and rating to the films and the system 
recommends the right edit for them. Therefore, customers 
are divided into three groups based on their willingness 
to pay:

1. Standard costumers: the ones that buy one item with 
standard edition and standard price.

Fig. 1  Proposed model for dynamic pricing of information goods
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2. Price-sensitive customers: customers for low-quality edi-
tion or price-sensitive customers who do not care the 
quality of the edition they buy.

3. Quality-sensitive customers: customers for high-quality 
edition or quality-sensitive customers who buy the high-
quality edition with high price.

Table 1 summarizes customer behaviors when they are 
offered a standard, high-quality, or low-quality edited films.

In the following, the functions of each part used in the 
presented model (Fig. 1) will be explained.

Data warehouse

Data warehouse is the storage location for customer profiles, 
as well as their purchase records, rating scores, and informa-
tion about the cost of products. This information is used to 
review customer behavior, determining future demand and 
customer segmentation.

Seller promotion module

Since each product is provided for a special age group and 
might be designed for customers with different jobs and 
education, this module is used by sellers to introduce new 
product to system. New product features including final cost, 
expected profit, target age group, and target job category 
are determined by the seller. This information is compared 
with customer profiles using recommender system module at 
later stage, and is used to estimate the demand and identify 
the new product target market and customer segmentation.

Revenue management system module

The revenue management system module, in addition to 
maximizing profits for sellers, prorates the final cost of the 
product for editions according to the estimated demand. The 
main purpose of this module is to find discriminatory prices 
for different groups of customers according to their pref-
erences and tastes. This module calculates discriminatory 
prices by receiving the amount of estimated demand from 
recommender system module. For this reason, it uses fol-
lowing equations:

In these equations P1 to P3, are the price of different edi-
tions of goods and di is the amount of demand for group ith. 
T is the estimate of total demand for all copies produced, 
and is received through the recommended system module 
and C is the cost of goods produced plus profit. Equation (1) 
ensures profit maximization for the customer. Equation (2) 
limits the cumulative amount of income as much as the 
amount of cost and profit so that the amount of cost and 
reasonable profit is limited in favor of customers and causes 
the cost to be prorated for all customers. Since in the group 
price discrimination, different editions of a product have 
different prices, Eq. (3) limits the number of copies sold to 
the estimated amount so that the cost price is prorated for 
all buyers. The DiscPerc parameter in Eq. (4) indicates that 
the seller assumes what percentage of his/her customers are 
subject to price discrimination for low-quality information 
goods or price increases for high-quality information goods. 
Since we assume that the amount of demand for each group 
of customers is determined by the frequency distribution of 
their ratings and preferences and follows the normal distribu-
tion by increasing the number of sale records (Fig. 2), this 
number will be set at 16% by default.

In addition to the above equations, this model considers 
the Eq. (5) to regulate the dispersion of discriminatory price 
difference, in which the phrase SD/μ indicates the coeffi-
cient of variation for the discriminatory price β in the model, 
which is the result of dividing the standard deviation by the 
average rating and is sent from the recommender system 
module to the revenue management module. That means 
that the greater the dispersion of scoring, the greater the 
discount or price increase in the model and the greater the 
participation of people in the market is. Consequently, on 
one hand customers who are less interested in the product, 
will tend to buy it and on the other hand, the customers who 

(1)Max

3∑

i=1

(
Pi ∗ di

)

(2)
3∑

i=1

(
Pi ∗ di

)
< C

(3)
3∑

i=1

di ≤ T

(4)d2, d1 = DiscPerc ∗ T

(5)� = � ∗
SD

�

(6)P2 = P1 + �, P3 = P1 − �

Table 1  Customer behavioral responses when offering a product with 
different editions

Customer type Price-sensitive

Offer Quality-sensitive Standard

High-quality edition Buy Not buy Not buy
Standard edition Not buy Buy Not buy
Low-quality edition Not buy Not Buy Buy
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rate better in scoring are more willing to pay and will pay a 
higher price for the purchased product. This equation also is 
helpful if costumers’ scoring to a product is the same or in 
other words, the average scoring of all people are the same, 
the price difference is not considered for all groups. Fortu-
nately, the coefficient of variation is a statistical parameter 
that does not have a unit, and since the scores are all positive 
numbers, it can be multiplied by any variable. Therefore, the 
amount of the variation coefficient is multiplied by the input 
parameter β, and finally causes that in Eq. (6) the price is set 
for high-quality version is as much as α Rials1 and the price 
of low-quality version is less than α Rials than the standard 
version price.

Recommender system module

The main tasks of this module are personalizing the prices 
for customers and estimating demand. Studies such as the 
study Josiassen et al. (2011) confirm that demographic char-
acteristics of users influence their online purchasing deci-
sions. Therefore, considering these features, users’ interests 
can be recognized and traced and increase the possibility of 
purchasing and users’ satisfaction. Hence, the total demand 
estimate is calculated by purchasing records, customer pro-
files, customer tastes and preferences in previous purchases 
and utilizing demographic information such as age, occupa-
tion, education, and knowledge gained from the promotion 
module provided to the system by seller. To do this, the 
system would have to compare new products with previ-
ous ones and identify customers who had purchased similar 
products according to their preferences. For this purpose, 
most recommender system uses the cosine similarity metric 
to extract similarity of goods (Eq. 7) where the smaller angle 
shows more similarity. The degree of customer similarity is 
also measured by using Pearson correlation (Eq. 8) in which 
i is a set of goods rated by both customers (the potential 
customer under consideration and an existing customer who 

had already purchased the information goods) and rći is the 
customer rating of c for the product i and r̄ć is the average 
current customer rating.

In order to personalize the price and offer the right price 
to the right customer group, the recommender system imple-
mented in this section must provide at least the following 
three conditions:

(1) The customer who gives the most rating is more willing 
to pay, therefore, receives a more comprehensive edit 
of the product.

(2) It is assumed that customer purchasing depends on 
their preferences and demographic information. This 
assumption is very limited and cannot be considered for 
all the types of information goods. For instance, in the 
case of information goods such as computer software, 
researchers can assume that customer knowledge rela-
tive to these goods also influences the purchase.

(3) Almost most customers tend to buy standard editions, 
and the number of them is more than customers who 
tend to buy high/low quality editions.

To meet the above conditions, the system performs by 
computing the average (μ) and variance (SD) of the users’ 
ratings, and compares it with the predicted rating of the cur-
rent user, assuming that the rating of users follows the nor-
mal distribution; at least, 68% of users are within a standard 
deviation of the average. Then the users with a predicted 
score above average and the same standard deviation are 
called sensitive to quality users (about 16%) and users whose 
average rating is less than the mean difference and the same 
standard deviation is called price-sensitive users (about 

(7)sim(i, j) = cos (�) =
d1◦d2
|
|d1

|
|
|
|d2

|
|

(8)sim(c, ć) =

∑n

i=1

�
rci − r̄c

��
rc − r̄ć

�

�
∑n

i=1

�
rci − ŕc

�2�∑n

i=1

�
rći − r̄ć

�2�

Fig. 2  Third-degree price 
discrimination for information 
goods

1 Iran’s currency.
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16%). The following algorithm shows how to classify users 
after predicting user ratings to standard, price-sensitive, and 
quality-sensitive users.

Experiment

We implemented a simple DPRR system and applied it to 
selected and pre-processed data.

Experimental conditions

The details of the experimental conditions are as follows:

Dataset

The dataset used to analyze the results of this study is the 
interest of users in a set of movies (Table 2). This dataset 
contains users’ demographic information including (age, 
gender, and occupation), movies, their types, and rating 
information, with hundreds of star ratings of 943 users for 
1682 films in which the customer can score from 1 (the low-
est) to 5 (the most) and each user ratings at least 20 movies. 
This dataset was stored in a SQL database to facilitate query 
selection for computation and economic analysis. In order 
to provide the selected dataset with the conditions stated 
in Sect. 4.1.4, movies were selected that were rated at least 
70 and at most 300 times. The number of records for these 
movies is 62,828, which comprises approximately 63% of 
the database and includes 433 movies rated by all of 943 
members. This number of record refers to the number of 
ratings (evaluations made by the customers after watching a 
movie). Therefore, it is assumed that the number of transac-
tions is necessarily equivalent to the number of ratings, and 
the purchase of the next movie requires the rating of the 
previous watched movie.

Evaluation KPI

The purpose of testing the model is economic evaluation 
of DPRRS and to demonstrate its efficiency for higher 
profit as well as customer welfare. To achieve this goal, the 
evaluation key performance indicators for economic analy-
sis of the model are examined in these two scopes. Indica-
tors of sales evaluation and higher profit for the seller is 
the total number of copies sold, the average revenue per 
product, the total profit from the sale and the average rev-
enue per user were considered. The aggregate and average 
consumer surplus index is also used to show the level of 
consumer welfare. The consumer surplus means the differ-
ence between the prices that consumers pay and the price 
that they are willing to pay and has considered as welfare 
index in such studies as Galera et al. (2019)

Setting parameters and values

For testing and economic analysis of the presented model, 
the cost plus profit of each product was set at 10,000 Rials. 
The sales operations with pre-processed data values were 
simulated with supposing that the system predicts the 
demand properly, which means that there is no distinc-
tion between actual demand (number of purchases) and 
potential demand and each customer is correctly classi-
fied for the purchased product. In addition, a flat pricing 
system was used to analyze the output of DPRRS to be 
used for comparison and also to determine the advantages 
of the proposed model over flat pricing. Finding the right 
flat price to evaluate the model seems difficult because 
the higher the flat price is, the more it affects the amount 
when comparing the seller’s profit and consumer surplus. 
Therefore, the following equations were used to calculate 
the sales price in the flat pricing system to form the main 
basis of the presented economic model.

(9)

Flat price = (Total product number ∗ total product price) ∕ (demand)

= (433 ∗ 10000) ∕62828 ≅ 70

(10)

Sum of consumer surplus

=

943∑

i=1

((number of purchases*70) -sum of purchases in DPRSS model for ith customer)

Table 2  Film dataset 
characteristics

Stage Number of 
movies

Number of 
users

Number of ratings Demo-
graphic 
information

Initial dataset 1682 943 100,000 ✓
Pre-processed dataset 433 943 62,828 ✓
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Therefore, the flat price is calculated by dividing the 
total price of the whole product by the total number of 
purchases (rating) (Eq. 9) and calculated at 70 Rials and 
the sum of the consumer surplus was calculated accord-
ing to Eq. (10) of subtracting the purchase amount in the 
flat system with the sums paid in the model presented by 
the customer. The value of β in Eq. (5) is also assumed to 
be 20 Rials for ease of calculation. Since the consumer 
surplus is the difference between the price that consumers 
pay and the price that they are willing to pay so the sum 
of the customer’s surplus is calculated with Eq. (10) and 
considered to be 70 Rials difference from the proposed 
price of the system.

Experimental results and research findings

Procedure

Since the proposed model requires training data for proper 
estimate of demand, the refined data in Sects. 5.1.1. are 
divided into two equal parts for training and experiment-
ing, depending on the total number of films. This means 
that data regarding half of the total number of films are 
randomly removed from the training data and in the test-
ing phase, they are entered into the system separately 
as a new film. This is how the model works: the system 
detects customers by entering a new film with the help 
of relationships in respect of recommender systems and 
educational data and by finding similar goods and people 
who have bought similar goods, estimates the total num-
ber of demands and sends it to the revenue management 
module along with the average and standard deviation of 
the given scores. After sending the amount of demand, the 
average parameters and standard deviation of the given 
scores to the revenue management module, this module 
does the calculations of the price and returns it to the rec-
ommender system module by setting the price list using 
the mentioned parameters. Now, after each customer logs 
in (scoring record), if he or she is recognized as a new film 
buyer based on previous records, comparing the average 
and standard deviation of customer ratings for the cur-
rent film or previous similar ones, classifies him/her as 
a standard, price-sensitive or quality-sensitive customer, 
then offers it to the customer, which should be the cos-
tumer’s choice based on his/her preferences Updating the 
estimated amounts of demand and product sales prices for 
each group of buyers can be done after every 50 records so 
that pricing is done dynamically and the estimated amount 
of the demand and prices of each group of customers could 
be corrected. To get the overall result, test and training 
data are replaced, and finally the overall result is obtained 
from the sum of the results of the halved data.

Experimental results

Figure 3 compares the diagram of the amount of revenue 
per user for several customers randomly in the proposed 
model and flat pricing system with emphasis on user pref-
erences and behavior according to Table 3. Since the pro-
posed model offers almost all customers a product based on 
their tastes and preferences, the offer leads to a purchase for 
all users. Of course, as price-sensitive users pay less, they 
should get a lower quality edition, and users who pay more 
will get a higher quality edition than others, as well as stand-
ard users will receive standard copies of videos. Therefore, 
considering more profit for the seller and the offer and pur-
chase of the movies for all the groups, it can be concluded 
that the model provided for this type of product is suitable 
for increasing the profits of the sellers and generating more 
welfare for the customers.

Table 3 illustrates the results of the overall comparison 
of the flat pricing and the model presented with the key 
performance indicator that mentioned in the previous sec-
tion, which also show the optimal performance of the model 
presented for information goods dynamic pricing. A more 
accurate look at these results shows that the total number of 

Fig. 3  Comparison of revenue between random users in DPRRS and 
flat pricing

Table 3  Comparison of some key performance indicators between 
DPRRS method and flat pricing method

Evaluation KPIs Flat pricing DPRRS

Total number of sold 52,776 62,828
Minimum price 70 33
Maximum price 70 142
Total sale 3,694,620 4,327,632
Average revenue per product (ARPP) 8531 9928
Average revenue per account (ARPA) 3883 4559
Average consumer surplus 0 104
Total consumer surplus 0 98,719
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copies sold according to the behavioral responses listed in 
Table 1 is 16% higher than the flat pricing method. Prices in 
the proposed model fall by as much as 33 Riyals based on 
demand estimation, however in some cases this may increase 
as high as 142 Rials due to lower demand. Whether or not, 
the maximum and minimum price is the same in the flat 
pricing system and is consistently the same for high and 
low demand goods. Also, by considering the above prices, 
total sales have increased when using the DPRRS model and 
average revenue per product (ARPP) has reached a desirable 
level. In this table, the average and total consumer surplus 
index are also calculated using Eq. (8), and these results 
show that by applying the model presented for pricing the 
information goods, consumer welfare and seller profit will 
increase.

Research findings and economic analysis of model

The economic analysis of the model presented based on the 
previous section results indicates higher profits for sellers 
and greater welfare for buyers which is done by combin-
ing the results of simulation and valid presumptions in neo-
classical economic theory (Bernheim 2008). This theory 
analyzes the behavior of the individual and the firm; on 
the other hand, it incorporates both supply and demand in 
economic analysis. Some of the valid presumptions of this 
category are as follows:

1. Social welfare is the welfare of the community.
2. An individual’s level of welfare or desirability can be 

measured by estimating his or her willingness to pay for 
a product or service.

3. By choosing and combining the modes available in the 
goods and services, individuals try to maximize their 
welfare so that they gain the most benefit and desirabil-
ity due to their limited income.

According to what is said, it is clear from an overview of 
the equations presented in the model, it increases purchases 
and earns more benefit for sellers by prorating the final price 
for customers. On the other hand, by identifying customers 
and classifying them into distinctive groups according to 
their tastes and preferences and offering reasonable prices 
according to the demand of each film, it will satisfy the cus-
tomers. Figure 4 shows that less than one-third of custom-
ers pay more than their expected amount for movies and at 
least two-thirds of customers pay less than their expected 
amount for the requested movies using the proposed model. 
The results of the average consumer surplus in Table 3 as 
well as the amounts above zero in the curve of Fig. 4 show 

that the total area above the zero in the curve is higher than 
the area below the zero, and in fact using the model pre-
sented in the study can increase profits for sellers and overall 
welfare of customers.

While implementing DPRRS in the real world, video 
edits (high quality, standard, and low quality) are available 
to buyers through the download links in an intangible for-
mat (online access). The resolution, frame rate, voice clar-
ity, and download speed characteristics in all three edits are 
different. When each customer registers in an online store, 
in a web page, product information including type, quality, 
pre-consumption awareness such as samples of information 
goods with different qualities, is available to consumers in 
the form of demos. Therefore, the customer awareness is 
increased and customer rights are respected in some key 
points. In addition, the customer can choose his/her DPRRS 
offer and choose the version he/she prefers so that they can 
freely and consciously influence the purchase.

Conclusion

By expanding the Internet and providing more information 
goods, sellers of these products should be looking for a way 
to encourage consumers to buy their goods by understanding 
their interests and offering personalized prices and making 
more profits for their customers in addition to promoting 
their welfare. Developing customer profiles is the first step 
that includes information such as demographic characteris-
tics, purchase history, visits, reviews, and ratings given to 
store goods. The next step is to use a system that intelligently 
processes users’ profiles and purchasing records and by con-
sidering their interests, recommend them their favorite item 
based on their willingness to pay. In this research, a mixed 
approach called DPRRS model of revenue management and 
recommender systems is presented, in which, while adapting 
revenue management systems to be used in the information 
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goods industry, prices are dynamically personalized by rec-
ommender systems for different groups of customers. Imple-
mented revenue management system for price prorating and 
maximizing revenue considering the final cost of the goods 
for the information product, as well as the implemented 
recommender system for estimating customers demand 
and classifying them by means of standard deviation into 
standard, price-sensitive, and quality-sensitive groups and 
offers them the product according to their preferences. The 
economic analysis results of the DPRRS model show that 
this model in terms of total profit indexes of sales, number 
of copies sold, average profit per product, average profit per 
user and average consumer surplus compared to flat pricing 
model has the proper functioning and the results show that 
the model get more profit for the sellers and increase the 
welfare of the customers.

One of the constraints of this study is the lack of access 
to appropriate datasets with demographic characteristics and 
actual product sales prices. To achieve better results, in addi-
tion to using demographic information such as age, gender, 
and occupation of users, other information such as people’s 
educational degree or field of study and actual sales prices of 
previous sales can be used. For future studies, it is suggested 
to implement this model using statistical analysis of demo-
graphic characteristics and to determine the impact of each 
of these features on users’ ratings, to use them as weighted 
criteria for calculating similarity in demand estimation. It is 
also possible to offer better pricing by learning user interest 
through analyzing information of different types of web-
site products, such as film type, actors and directors, and 
other defining characteristics in selecting the product and 
considering the importance factor for them in calculations. 
Finding people who are by default fastidious and less likely 
to rate similar films than others and distinguishing them for 
the relationships offered in current recommendation systems 
for model implementation is also a problem that may be a 
field for future research. Finally, it is noted that, despite the 
research on the dynamic pricing of information goods, due 
to its importance and wide scope, probe and research in this 
regard is still one of the open issues.
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