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In an uncertainty market, social learning plays a signi�cant role in obtaining information to make better decisions. Under  
cap-and-trade regulation, this paper aims to investigate �rms’ pricing and carbon emission abatement issues considering the impact 
of social learning. �is paper establishes a two-period model in a market consisting of a manufacturer and heterogeneous consumers. 
�e manufacturer produces two alternatives (ordinary product and low-carbon product) and makes decisions on sales prices and 
carbon emission abatement levels. Consumers make decisions on whether and which product to buy. Consumers are not sure about 
their valuations of products and have the opportunity to discover their true valuation by social learning. �e results show that the 
emission abatement level on ordinary product is a�ected by the pricing strategy for both types of products. However, the emission 
abatement level on low-carbon product is only a�ected by its own pricing strategy. It also shows that social learning lowers the 
emission abatement level on ordinary product, whereas it improves the emission abatement level on low-carbon product when 
charging a high price for low-carbon product. Moreover, the price of ordinary product in period 1 is no less than that in period 2. 
In contrast, the price of low-carbon product in period 2 is higher than that in period 1.

1. Introduction

In the complex social environment, consumers sometimes are 
not clear about their preferences and do not know which kind 
of product to choose. Under some conditions, they may know 
about their needs, but may have no opportunity to buy suitable 
products due to bad purchasing strategy [1]. An e�ective way 
to solve this problem is to gain more information through social 
learning. Consumers can actively learn from previous adopters 
via online mouth-to-mouth or o�ine social interaction [2]. 
Besides, the uncertainty existing among consumers also a�ects 
the �rms’ decisions on production and pricing, which may lead 
to mismatch between the supply and demand. To lower the 
impacts of uncertainty, �rms can take some measures to induce 
consumers to learn about their valuation of products, prefer-
ences, or product quality [3]. For example, many electronic 
device producers set up showrooms to help potential purchas-
ers learn more about their valuations and preferences [4].

Carbon emissions associated with economy development 
give rise to many issues, such as air pollution, global warming, 

and extreme weather, which threaten human beings [5]. 
Monforte and Ragusa [6] suggest that air pollution is closely 
related to human industrial activities and evaluate air pollution 
in the Mediterranean area by using the air quality index. �e 
World Health Organization reports that about 600,000 deaths 
in Europe were caused by air pollution associated with green-
house gases [7]. �e sub-Saharan Africa is even worst a�ected 
by climate change [8]. �erefore, it is a worldwide concern to 
curb carbon emissions. Many developed countries signed the 
Kyoto Protocol and promised to reduce carbon emissions dra-
matically [9]. To achieve this goal, governments employ many 
ways among which, carbon cap-and-trade regulation is 
believed to be an e�ective way to control carbon emissions 
[10]. Under cap-and-trade regulation, enterprises can get cer-
tain number of emission allowances by grandfathering or by 
auction at the beginning of production horizon, the surplus 
or insu¥cient part can be traded in the carbon market [11]. 
However, it is not enough only to implement cap-and-trade 
regulation to curb carbon emissions. Many �rms tend to seek 
cost-e¥cient methods to reduce carbon emissions in 
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production processes to meet carbon emission limitation, such 
as adopting cleaner production equipment, designing pollu-
tion-abatement technologies, and so on [12, 13]. Another 
factor that drives firms to take costly measures to reduce car-
bon emission is that consumers with eco-friendly awareness 
are willing to pay a higher price for green products. A survey 
conducted by O’Connell [14] reports that approximately 17% 
of American consumers are willing to pay extra premium for 
eco-friendly products.

By combing the existing literature, we find that little atten-
tion has been paid to the impact of social learning on firms’ 
operational decisions under carbon emission regulation. To 
fulfill this gap, this work attempts to investigate firms’ produc-
tion, pricing, and carbon emission reduction issues in the 
presence of social learning. To address the above questions, 
we establish a two-period supply chain model comprised of a 
manufacturer and two-segment consumers. �e manufacturer 
produces two alternatives to meet consumers’ preferences and 
makes decision on pricing in different periods. Under 
 cap-and-trade regulation, the manufacturer also invests in 
abating carbon emissions to meet government regulation and 
consumers’ environmental awareness. �e consumers are 
divided into two segments: A-segment consumers who prefer 
to purchase ordinary products and B-segment consumers who 
tend to buy low-carbon products. In each period, consumers 
decide whether and which product to buy. �e consumers 
know which type they belong to, but they are not sure about 
their own valuation of products; whereas consumers possibly 
 discover their true valuations via social learning in the second 
period.

Several interesting findings are reached. It shows that the 
manufacturer has four different pricing strategies when 
producing two kinds of products. �e manufacturer invests in 
different emission abatement levels on ordinary products under 
different pricing strategies, whereas the emission abatement 
level on low-carbon product is not affected by the pricing 
strategy of ordinary products. It also shows that the price of 
ordinary products in period 1 is no less than the price in period 
2. In contrast with the pricing strategy of ordinary products, the 
price of low-carbon in period 1 is lower than that in period 2. 
In the presence of consumers’ social learning behavior, the 
emission abatement level on ordinary products increases in the 
population of consumers who purchase in period 1 within 
A-segment consumer. For the low-carbon products, the 
emission abatement level increases in the proportion of 
consumers who buy products in period 1 only when the 
manufacturer charges a higher price for low-carbon products. 
�e findings also suggest that social learning lowers the emission 
abatement level on ordinary products, but improves the 
emission abatement level on low-carbon products.

�is work proceeds as below. Section 2 reviews the related 
literature on social learning and carbon cap-and-trade regu-
lation. Section 3 describes the model in detail. Section 4 pre-
sents the manufacturer’s optimal decisions on pricing and 
emission abatement considering the impact of social learning. 
In Section 5, we do some numerical experiments to illustrate 
how important factors affect the manufacturer’s strategy and 
performance. In Section 6, some significant results are 
concluded.

2. Literature Review

Our work is closely related to two streams of literature: social 
learning and carbon cap-and-trade regulation. �e literature 
on social learning starts from Banerjee [15] who points out that 
the potential buyers will adjust their purchasing decision a�er 
they obtain the information about products from the former 
buyers. Bergemann and Välimäki [16] suggest that consumers 
and firms actively learn the value of products from the previous 
adopters through various channels. Zhang [17] investigates the 
impact of observational learning on consumers’ decision in 
American kidney market. Some researchers also study the cases 
of social learning on other aspects. For example, by establishing 
a two-period model comprising of one firm and two consum-
ers, Bhalla [18] analyzes the scenario in which consumers learn 
about product quality. Swinney [19] shows that when consum-
ers discover their preferences by social learning, the effect of 
quick-response practice is o�en weakened since consumers 
tend to adopt strategic behavior. Jing [3] points out that when 
the intensity of external spontaneous social learning is insuffi-
cient, seller can guide consumers to learn.

Besides the impacts of social learning on consumers, 
researchers are also interested in the impacts of social learning 
on firms. Candogan et al. [20] discuss the impact of sponta-
neous social learning on pricing within social network. Bose 
et al. [21] suggest that firms can adopt dynamic pricing strat-
egy to control information inference conducted by future 
consumers from the previous buyers. Prasad et al. [22] explore 
the way to induce uninformed consumers to purchase in 
advance. Xiong and Chen [1] suggest that selling-induced 
learning can help consumers to find their true willingness to 
pay, which is helpful to optimize the firm’s product line design. 
By establishing linear social learning model, Jing [3] studies 
the impact of social learning on pricing and consumers’ pur-
chasing decision. Hu et al. [2] analyze how social learning 
affects a firm’s operational decision when producing alterna-
tives by constructing an exponential social learning model. 
When a manufacturer sells two alternatives, social learning 
decides the operation of the manufacturer. By setting the pro-
portion of updated belief and the prior belief, Papanastasiou 
and Savova [23] analyze the influence of social learning upon 
product quality on a firm’s pricing strategy. Ifrach et al. [24] 
suggests that when strategic consumers exist in the market, 
social learning helps firms to make more profit. Considering 
the impact of social learning on pricing, Li et al. [25] shows 
that social learning can reduce a firm’s production costs. �e 
work aforementioned analyzes the impacts of social learning 
on consumers’ purchasing decision, yet little attention has 
been paid to consumers’ environmental awareness when pur-
chasing. On the other hand, the researchers mentioned above 
show that social learning should be considered in manufac-
turers’ pricing and production decisions, whereas they neglect 
the manufacturers’ exterior production environment.

�e literature on cap-and-trade regulation mainly focuses 
on production, pricing, and low-carbon product design. In 
production management, Benjaafar et al. [26] present three 
models to analyze how to curb carbon footprints under carbon 
cap-and-trade. Cao et al. [27] demonstrate the optimal 
production with carbon emission regulation and compare the 



3Discrete Dynamics in Nature and Society

e�ectiveness of di�erent kinds of low-carbon subsidy policies. 
Under cap-and-trade regulation, Gong and Zhou [28] explore 
how a �rm plans production in a multi-period horizon. �e 
papers aforementioned study �rms producing one single 
product. Some researchers also study the case in which a 
manufacturer provides di�erent kinds of products. For 
example, García-Alvarado et al. [29] study a manufacturer’s 
production decision considering the remanufacturing problem 
and show the impact of cap-and-trade scheme. Du et al. [30] 
discuss how a manufacturer makes decisions on producing 
low-carbon products and ordinary products under carbon cap-
and-trade mechanism. Chen and Wang [31] suggest that 
multiproduction strategy on the low-carbon supply chain plays 
an important role in environmental protection and economic 
performance. In line with Du et al. [30] and Chen and Wang 
[31], we investigate a manufacturer’s production decision on 
two types of products. Di�erently, we explore a condition with 
two periods. On the other hand, we assume that consumers in 
the market are heterogeneous on their valuation of products, 
and show the impact of social learning on production.

Apart from production management, researchers also pay 
attention to pricing problems under carbon emission regula-
tion. Xu et al. [32] study how a manufacturer makes pricing 
decisions in a MTO model considering the carbon cap-and-
trade mechanism. García-Alvarado et al. [29] discuss enter-
prises’ pricing strategy by solving a Markov decision problem 
under di�erent emission regulations. Cao and Yu [33] study 
a manufacturer’s wholesale pricing strategy considering the 
impact of capital constraint. Qi et al. [34] analyze a manufac-
turer’s wholesale pricing decision and retailers’ retail pricing 
decision under cap-and-trade scheme. Di�erent from the 
above work, we analyze a �rm’s dynamic pricing strategy in a 
two-period supply chain. As consumers have di�erent will-
ingness to pay and belong to di�erent segments, four pricing 
strategies are explored in our model.

Pressed by the government’s environment policies and 
consumers’ eco-friendly awareness, many �rms take costly 
measures to curb the impact of products on the environment, 
such as designing green products and using clean process 
equipment [12, 35]. Considering the competition among 
upstream �rms and downstream �rms, Liu et al. [36] analyze 
�rms’ optimal emission abatement decisions under di�erent 
supply chain structure, and point out that the manufacturer 
who provides a higher emission abatement level makes more 
pro�t. Considering the impact of consumers’ eco-friendly 
awareness on market demand, Jiang and Chen [37] analyze a 
�rm’s optimal production and pricing problems under carbon 
emission regulation. By comparing the cost and bene�t of 
reducing carbon emissions, Wang et al. [38] investigate the 
impact of cap-and-trade mechanism, and show the condition 
under which a �rm should invest in abating carbon emissions. 
Ouardighi et al. [39] examine how double marginalization 
e�ect in¯uences �rms’ emission reduction decision. Zhu and 
He [40] analyze how the product types and competition styles 
a�ect the degree of product greenness. Considering consum-
ers’ low-carbon preference, Yang and Chen [41] show the 
impacts of di�erent motivation schemes on a �rm’s investment 
decision upon carbon emission abatement. Similar to the work 
aforementioned, we also consider consumers’ low-carbon 

preference and willingness to pay an extra premium for green 
products. �e key di�erence between our work and theirs is 
that we assume that the consumers are strategic and hetero-
geneous. Consumers can purchase either in the initial period 
or in the second period, and they have the opportunity to �nd 
their true valuation through social learning. In addition, we 
discuss the situation under which a manufacturer produces 
alternative products and invests in reducing carbon emissions 
on both kinds of products to meet consumers’ preferences.

3. Model Description

In the market, we consider a two-period model in which a 
monopolistic manufacturer sells products to two segments of 
consumers with heterogeneous valuation of products. For 
example, Hewlett–Packard produces di�erent types of com-
puters to meet consumers’ requirement with di�erent valua-
tions and preferences. Consumers who prefer to buy ordinary 
products belong to A-segment with proportion �, and those 
who prefer to buy low-carbon product belong to B-segment 
with proportion 1 − �. �e B-segment consumers have higher 
valuation of products than those A-segment consumers, and 
they are willing to pay higher prices. �e valuation of consum-
ers within each segment takes two values: �� or ��(�� > ��). 
�e consumers only know which segment they belong to, but 
they are not sure about their valuation. �e manufacturer can-
not identify which segment each consumer belongs to. If some 
consumers buy products in period 1, the rest of the consumers 
have an opportunity to learn the key attributes of the products 
by online review or o�ine word-of-mouth. For example, when 
consumers plan to buy a computer, they would like to obtain 
some information about computers from their friends or via 
online product review. By doing so, they can identify their own 
preference over those attributes.

We assume that a type-�� consumer’s willingness to pay is 
��, (� = �, �). Denote �� the proportion of type-�� within 
A-segment consumers, and �� the proportion of type-��
consumers within B-segment. Assuming 0 < �� < �� < 1 to 
ensure that B-segment consumers’ valuation is higher than 
A-segment, then, �� = ���� + (1 − ��)��, �� = ���� + (1 − ��)��, 
and �� < ��. Each consumer demands at most one unit item 
over the two periods. In addition, consumers are willing to 
pay an extra price for the eco-friendly products. �us, if a 
consumer knows his valuation of product for sure, the 
valuation for product-� is (1 + ��)��, ∀� = �, � in period �, 
� = 1, 2, where �� represents the carbon emission abatement 
level on product-� decided by the manufacturer; otherwise, 
the consumer’s valuation for product-� is (1 + ��)��.

To satisfy consumers’ preferences, the manufacturer pro-
duces two alternative products: an ordinary product (called 
“product-N”) and a low-carbon product (called “product-L”). 
Under carbon cap-and-trade regulation, the manufacturer 
invests in carbon emission abatement, with the carbon emis-
sion abatement level �� on ordinary products and �� on 
low-carbon products, respectively. �e unit cost of product is 
�0 + (1/2)��2� (� = �, �), where �0 is the �xed marginal cost of 
product and (1/2)��2�  is per unit cost raised from carbon emis-
sion reduction. Parameter � represents the carbon emission 
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constraint IR-2. In addition, the optimal product line design 
should be able to induce consumers to reveal their true valu-
ation of products, thereby leading to the incentive compati-
bility (abbreviated as “IC”) constraintsas below:

IC-NL indicates that an informed type-�� consumer is better o� 
by choosing the product that can reveal his true valuation type 
and an uninformed A-segment consumer is better o� to choose 
product-N. IC-LN indicates that an informed type-�� consumer 
or an uninformed B-segment consumer is better o� by choosing 
the product-L. From IR constraints, we know that the manufac-
turer can either decide the price ��2 at ��(1 + ��) or ��(1 + ��). By 
choosing a higher price, the marginal pro�t per unit product is 
enhanced but the sales volume is reduced, whereas by choosing 
a lower price, the manufacturer can induce more consumers to 
purchase products. When designing two product lines, the man-
ufacturer has four di�erent pricing strategies: high prices for 
both kinds of products (H–H pricing strategy), high price for 
product-N and low-price for product-L (H–L pricing strategy), 
low price for product-N and high price for product-L (L–H pric-
ing strategy), and low prices for both types of products (L–L 
pricing strategy). We use the superscript � to denote the pricing 
strategy, and � can be ��, ��, ��, and ��.
4.1. H–H Pricing Strategy. �e prices decided by the 
manufacturer should ensure that consumers who purchase 
items have a null payo�. �us, IR constraints are written as.

�e IC constraints are written as

By analyzing the constraints, we can get that ��2 and ��2
satisfy

In period 1, to induce the consumers to buy items early, price 
��1 must ensure that the utility that a consumer obtains in 
period 1 is not less than the expected utility he can get when 
discovering his true valuation type in period 2. In period 1, 
an uninformed consumer’s net utility is ��1 = ��(1 + ��) − ��1
when choosing product-�. Under the H–H pricing strategy, 
the net utility of an uninformed A-segment in period 1 is zero, 
and the net utility of informed type-�� in period 1 equals to 
�(1 − ��)[��(1 + ��) − ��2]. As a result, there exists

(3)
IC-NL : �� (1 + ��) − ��2 ≥ ��(1 + ��) − ��2,

��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2,

(4)
IC-LN : �� (1 + ��) − ��2 ≥ �� (1 + ��) − ��2,

��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2.

(5)IR-N : ��(1 + ��) − ��2 ≥ 0,
(6)IR-L : ��(1 + ��) − ��2 ≥ 0.

(7)IC-NL : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2,
(8)IC-LN : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2.

(9)
��2 = ��(1 + ��), ��2 = ��(1 + ��) − ��(1 + ��) + ��(1 + ��).

(10)��(1 + ��) − ��1 = 0,

abatement coe¥cient and a large value implies that the man-
ufacturer is not e¥cient in abating carbon emissions. �e 
quadratic function of emission abatement cost indicates the 
diminishing e�ects to carbon emission reduction [36, 40]. 
Assuming the initial carbon emissions per unit product are 
�0, the carbon emissions per unit item are (1 − �)�0 a³er invest-
ing in carbon emission abatement.

Denote �� and ��(0 ≤ �� ≤ 1, 0 ≤ �� ≤ 1) as the propor-
tions of consumers who buy products in period 1 within 
A-segment and B-segment, respectively. A higher ��(��) rep-
resents that more consumers prefer to buy products early; 
otherwise, they like to postpone consumption. In the initial 
period, consumers know little information about their valua-
tion; whereas a consumer who does not purchase in period 1 
has an opportunity to discover their true valuation via social 
learning. Let s denote the social learning intensity that repre-
sents the probability that a consumer is able to identify his 
true valuation by period 2. �us, among A-segment consum-
ers,�(1 − ��)��� type-�� consumers and �(1 − ��)(1 − ��)�
type-�� consumers are able to �nd their true valuation. For 
B-segment consumers, ���(1 − ��)(1 − �) consumers know 
valuation �� consumers and �(1 − ��)(1 − ��)(1 − �) consum-
ers know their valuation �� for sure.

Assuming that the manufacturer and the consumers are 
risk-neutral, the manufacturer aims to maximize their pro�t 
and the consumers try to maximize their expected utility. �e 
manufacturer launches two kinds of products at the initial 
period and announces their prices ��� at the beginning of each 
period. Under the pressure of government regulation and con-
sumers’ eco-friendly awareness, the manufacturer also invests 
in reducing carbon emissions under cap-and-trade mecha-
nism. A³er observing the price, each consumer determines 
whether and which kind of products to buy in that period. If 
a consumer does not purchase any product in period 1, he 
stays in the market and decides whether to buy in period 2, 
with the probability � that he knows his true valuation for sure. 
�e uninformed consumers’ purchasing decision is based on 
expected valuation. In period 2, the informed consumers 
decide whether to purchase on the basis of their true 
valuation.

4. Model Analysis

In this section, given that consumers possibly discover their 
true valuation via social learning, we try to derive the manu-
facturer’s optimal carbon emission reduction decision and the 
pricing strategy. We start our analysis from the second period 
based on the rational expectation theory.

To induce the customers to buy products, there exist the 
following individual rationality (abbreviated as “IR”) 
constraints,

IR-1 guarantees that the informed customers gain nonnegative 
utility. For those who are not sure about their valuation in 
period 2, their null payo� when buying products gives rise to 

(1)IR-1 : ��(1 + ��) − ��2 ≥ 0,
(2)IR-2 : ��(1 + ��) − ��2 ≥ 0.
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/�[��� + (1 − ��)(1 − �)� + (1 − �)(1 − ��)(1 − �)]) and the 
reduction level on product-L is ���∗� = ((v� + ���)0/�) − (v�
−��)��(1 − �)/�[��(1 − �) + �(1 − ��)(1 − ��)� + �(1 − ��)
(1 − ��)(1 − �)]. e optimal prices are ���∗�1 = ��(1 + ���∗� ),
���∗�1 = ��(1 + ���∗� ) − �(1 − ��)(�� − ��)(1 + ���∗� ), ���∗�2
= ��(1 + ���∗� ), and ���∗�2 = ��(1 + ���∗� ) − ��(1 + ���∗� )
+��(1 + ���∗� ).

Proposition 1 demonstrates that the manufacturer’s car-
bon emission abatement decision highly depends on the social 
learning intensity s, the proportion of each valuation type ��, 
the population of consumers that buy products in period 1, 
and the proportion of B-segment consumers in the market 
�. Speci�cally, the carbon emission abatement level of prod-
uct-N decreases in �, ��, �, and increases in �� and ��. With a 
higher social learning intensity, the possibility that consumers 
are able to discover their valuation �� is enhanced. Under H–H 
strategy, the manufacturer gives up the type-�� consumers in 
period 2. As a result, he does not have motivation to invest 
more funds in abating carbon emissions on product-N. A large 
�� means that more consumers are willing to purchase prod-
uct-L, thereby leading to more investment in product-L to 
meet consumers’ demand. In this case, the manufacturer has 
to cut o� the investment in product-N, which leads to a lower 
���∗� . A similar thing happens when � is relatively large.

For the carbon emission abatement level of product-L  
���∗� , it increases in the social learning intensity s, but decreases 
in ��, ��, ��, and ��. With a higher social learning intensity, 
more B-segment consumers will know their valuation type-�� 
for sure. Under a higher pricing strategy, the manufacturer 
can gain more pro�t from type-�� consumers, and therefore 
they are willing to invest in a higher emission abatement level. 
�e parameter ��(��) stands for the population of type-��
consumers. Given a larger ��(��), more type-�� consumers 
will discover their low willingness to pay, which drives down 
the manufacturer’s motivation of reducing carbon emissions 
on product-L. When �� and �� are relatively large, it means 
that more consumers buy product in period 1, which leads to 
less consumers buying items in period 2. In this case, the cost 
of investing in a higher emission abatement level exceeds the 
bene�t of charging a higher price. As a result, the manufac-
turer tends to lower the carbon emission abatement level of 
product-L.

Interestingly, we �nd that ���∗�  increases in � when 
� < (1/2), whereas it decreases in � when � ≥ (1/2).When 
� < (1/2), the population of B-segment consumer is larger 
than that of A-segment consumer, which means that more 
consumers are willing to purchase product-L. �us, the man-
ufacturer has incentive to invest more in product-L and 
charges a higher price to make more pro�t. In addition, the 
carbon emission abatement levels increase in the carbon trad-
ing price and decrease in the investment coe¥cient of carbon 
emission abatement. Because, when the carbon trading price 
is relatively high, the manufacturer can earn more pro�t from 
the carbon trading market by selling more carbon emission 
permits. �us, the manufacturer tends to invest in higher 
emission abatement levels. A large � means that the manufac-
turer is not e¥cient in reducing carbon emission. As a result, 

When the manufacturer chooses H–H pricing strategy, the 
informed type-�� consumers cannot buy any products in that 
period. Besides, the uninformed consumers within B-segment 
are not able to buy product-L and turn to buy product-N to 
get the utility ��(1 + ��) − ��2. In this scenario, the population 
of consumers within A-segment buy product-N in period 1 is 
���. �erefore, the manufacturer’s expected pro�t gained by 
selling type-N product within A-segment consumers is given 
by

In Equation (12), �� represents the carbon trading price. In 
period 2, given social learning intensity �, the sales volumes 
of product-N and product-L are (1 − ��)(1 − �)� and 
�(1 − ��)(1 − ��)�, respectively. �us, the expected pro�t of 
the manufacturer gained from selling product-N is

�e total expected pro�t gained by selling products to 
A-segment consumer is

For the B-segment consumers, the population who 
buy  product-N in period 1 is ��(1 − �). In period 2, 
�(1 − ��)(1 − ��)(1 − �) consumers buy product-L and 
(1 − �)(1 − ��)(1 − �) consumers who cannot learn their val-
uation buy product-N. �us, the manufacturer’s expected pro�t 
gained from B-segment consumers in period 1 is given by

�e expected pro�t of the manufacturer gained from 
B-segment consumers in period 2 is expressed as

�e total expected pro�t gained from B-segment is

Under H–H pricing strategy, given the initial carbon emission 
allocation �, the expected pro�t of the manufacturer is

�e next proposition fully describes the manufacturer’s opti-
mal carbon emission reduction levels and the optimal prices 
in this scenario.

Proposition 1. Under H–H pricing strategy, the optimal  
carbon emission reduction level on product-N is ���∗� = ((v�
+���0)/�) − (�(v� − v�)[(1 − ��)(1 − ��)� + (1 − ��)(1 − �)]

(11)��(1 + ��) − ��1 = �(1 − ��)[��(1 + ��) − ��2].

(12)����1 = ��1��� − [�0 + 12��
2
� + ���0(1 − ��)]���.

(13)

����2 =[��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − ��)(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]�(1 − ��)(1 − ��).

(14)���� = ����1 + ����2 .

(15)����1 = [��1 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − �).

(16)

����2 =[��2 − �0 − 12��
2
� − ���0(1 − ��)]�(1 − ��)(1 − ��)(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − �)(1 − ��)(1 − �).

(17)���� = ����1 + ����2 .

(18)Π�� = ���� + ���� + ���.



Discrete Dynamics in Nature and Society6

�e pro�t obtained from B-segment consumers in period 2 is

�en, the total pro�t gain from B-segment consumers is

�e total expected pro�t of the manufacturer under H–L pric-
ing strategy is

It can be proved that Π�� is concave in �� and ��. �erefore, 
we can get the following proposition that presents the manu-
facturer’s optimal decisions under H–L pricing strategy.

Proposition 2. Under H–L pricing strategy, the 
optimal carbon emission abatement levels are 
���∗� = ((v� + ���0)/�) − (v� − v�[�(1 − ��)(1 − ��)� + �(1−
��)(1 − �) + (1 − �)(1 − ��)(1 − �)]/�[��� + (1 − ��)(1 − �)�] 
and ���∗� = ((v� + ���0)/�) − (v� − v��(1 − ��)��(1 − �)
/�[��(1 − �) + �(1 − ��)(1 − ��)� + (1 − ���)(1 − ��)(1 − �)]. 
e optimal prices are ���∗�1 = ��(1 + ���∗� ), ���∗�1 = ��(1+
���∗� ) − �(1 − ��)[(�� − ��)(1 + ���∗� ) + (�� − ��)(1 + ���∗� )], 
���∗�2 = ��(1 + ���∗� ), and ���∗�2 = ��(1 + ���∗� ) − ��(1 + ���∗� )
+��(1 + ���∗� ).

Proposition 2 demonstrates the manufacturer’s optimal 
decisions under H–L pricing strategy. Di�erent from H–H 
pricing strategy, we �nd that the correlation between ���∗�  and 
s is uncertain. On the other hand, ���∗�  decreases in �� when 
�� is relatively small and increases in �� when �� is relatively 
large. Note the manufacturer charges a higher price for prod-
uct-N which has a positive relationship with ���∗� . When ��
is relatively small, less A-segment consumers purchase in 
period 1. Besides, the informed type-�� consumers cannot 
buy any product in period 2. Facing a small sales volume, the 
manufacturer has no incentive to o�er a higher emission 
abatement level of product-N. Contrary to our intuition, ���∗�
decreases in the social learning intensity �. Due to charging a 
low price for product-L, both the uninformed and the 
informed B-segment consumers can buy product-L. In this 
scenario, investing in a higher emission abatement level does 
not bring much pro�t for the manufacturer. In contrary, it 
costs the manufacturer too much in abating carbon emissions. 
So it is the best for the manufacturer to lower the emission 
abatement level of product-L.

4.3. L–H Pricing Strategy. Under L–H pricing strategy, the 
manufacturer charges a lower price for product-N and a higher 
price for product-L. In this scenario, the IR constraints that 
guarantee consumers’ participation in period 2 are as below:

(28)����2 =[��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ [�(1 − ��)(1 − �) + (1 − �)(1 − �)](1 − �).

(29)���� = ����1 + ����2 .

(30)Π�� = ���� + ���� + ���.

(31)IR-N : ��(1 + ��) − ��2 ≥ 0,

(32)IR-L : ��(1 + ��) − ��2 ≥ 0.

the manufacturer would like to lower carbon emission abate-
ment levels to save costs.

Under H–H pricing strategy, the prices of product-N are 
the same over the entire horizon and are independent of the 
carbon emission abatement level of product-L. �is is because 
the uninformed A-segment consumers do not have the oppor-
tunity to buy product-L. However, the prices of product-L 
decrease in the carbon emission abatement level. �e intuition 
behind this result is that the uninformed B-segment consum-
ers turn to purchase product-N when the price of product-L 
is very high in period 2. �erefore, the manufacturer has to 
consider the consumers’ reaction within B-segment when 
deciding the price of product-L.

4.2. H–L Pricing Strategy. In this subsection, we are going 
to analyze the scenario in which the manufacturer charges a 
higher price for product-N and a lower price for product-L in 
period 2. In this case, the IR constraints are given by

Under H–L pricing strategy, the consumers who know their 
true valuation �� for sure in period 2 are not able to buy any 
kinds of products. �us, the IC constraints are written as

Based on the rational expectation theory, the prices in period 
1 should satisfy the following equations.

When conducting H–L pricing strategy, the informed type-��
consumers cannot buy any product and the uninformed 
B-segment consumers turn to buy product-N. In this scenario, 
the pro�t gained from A-segment consumers in period 1 is 
given by

�e pro�t obtained from A-segment consumers in period 2 is

�en, the total pro�t gain from A-segment consumers is

�e pro�t obtained from B-segment consumers in period 1 is

(19)IR-N : ��(1 + ��) − ��2 ≥ 0,

(20)IR-L : ��(1 + ��) − ��2 ≥ 0.

(21)IC-NL : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2,
(22)IC-LN : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2.

(23)

��(1 + ��) − ��1 = 0,
��(1 + ��) − ��1 = �(1 − ��)[��(1 + ��) − ��2].

(24)����1 = ��1��� − [�0 + 12��
2
� + ���0(1 − ��)]���.

(25)

����2 =[��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − ��)(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]�(1 − ��)(1 − ��).

(26)���� = ����1 + ����2 .

(27)����1 = [��1 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − �).
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�[(1 − ��)��� − (1 − ��)(1 − ��)� − (1 − ��)(1 − �)]/�[���+(1 − ��)(1 − � + ���)� + (1 − � + ���)(1 − ��)(1 − �)] and 
���∗� = ((v� + ���0)/�) − (v� − v�)��(1 − �)/�[��(1 − �)+
�(1 − ��)(1 − ��)� + �(1 − ��)(1 − ��)(1 − �)].  e optimal 
prices are ���∗�1 = ��(1 + ���∗� ), ���∗�1 = ��(1 + ���∗� ) − �(1 − ��)
(�� − ��)(1 + ���∗� ), ���∗�2 = ��(1 + ���∗� ), and ���∗�2 = ��(1+
���∗� ) − ��(1 + ���∗� ) + ��(1 + ���∗� ).

From Proposition 3, we �nd that the relationship between 
���∗�  and �� is a�ected by social learning intensity. When 
� ≤ (1 − ��)���/((1 − ��)(1 − ��)� + (1 − ��)(1 − �), ���∗�  
increases in ��; whereas when � > (1 − ��)���/((1 − ��)(1−
��)� + (1 − ��)(1 − �)), ���∗�  decreases in ��. With relatively 
small social learning intensity, the population of uninformed 
consumers within B-segment increases. When charging a 
higher price for product-L, the uninformed consumers within 
B-segment are not able to buy product-L. However, the pref-
erence of product-L is stronger than product-N for those con-
sumers. In this case, if more consumers buy products in period 
1, the manufacturer has to invest in a higher emission abate-
ment level of product-N to induce the uninformed B-segment 
consumers to buy product-N. In a similar way, the scenario 
in which s is relatively large can be analyzed. Di�erent from 
Propositions 1 and 2, the price of product-N in period 2 is 
lower than the price in period 1. As we know, the condition 
that ensures the uniformed consumers to buy in period 1 is 
that an uninformed consumer’s net utility in period 1equals 
to an informed consumer’s utility in period 2. �us, when 
charging a lower price for product-N in period 2, the manu-
facturer can charge a higher price in period 1.

4.4. L–L Pricing Strategy. In this scenario, the manufacturer 
charges lower prices of both kinds of products. �en, the IR 
constraints that ensure consumers to buy products in period 
2 are changed into

�e IC constraints that induce the consumers to reveal their 
true valuation are

Based on the rational expectation theory, the conditions that 
ensure consumers to buy products in period 1 are as below.

�en, we can get ��2 = ��(1 + ��), ��2 = ��(1 + ��) − ��(1
+��) + ��(1 + ��), ��1 = ��(1 + ��), ��1 = ��(1 + ��) − �(1−
��)[(�� − ��)(1 + ��) + (�� − �1)(1 + ��)].

Under L–L pricing strategy, the A-segment consumers 
choose to buy product-N, and the informed type-�� consumers 

(43)IR-N : ��(1 + ��) − ��2 ≥ 0,
(44)IR-L : ��(1 + ��) − ��2 ≥ 0.

(45)IC-NL : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2,
(46)IC-LN : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2.

(47)��(1 + ��) − ��1 = ��(1 + ��) − ��2,
(48)��(1 + ��) − ��1 = �(1 − ��)[��(1 + ��) − ��2].

�e IC constraints that ensure the consumers to reveal their 
valuation type are

�us, the prices in period 2 are ��2 = ��(1 + ��), ��2 = ��(1 + ��) − ��(1 + ��) + ��(1 + ��).
To ensure consumers to buy product in period 1, there 

exist

By substituting ��2 and ��2 into Equations (35) and (36), we 
can get the prices in period 1

Under L–H pricing strategy, in period 2, both the informed 
type-�� consumers and the uninformed consumers choose to 
buy product-N, and the informed type-�� consumers choose 
to buy product-L. As a result, the expected pro�t obtained 
from A-segment consumers in period 1 is given by

�e expected pro�t gained from A-segment consumers in 
period 2 is

In a similar way, we can get

�us, the total expected pro�t under L–H pricing strategy is

�e next proposition demonstrates the manufacturer’s optimal 
carbon emission abatement strategy and the optimal pricing 
decision under L–H pricing strategy.

Proposition 3. Under L–H pricing strategy, the optimal 
emission abatement levels are ���∗� = ((v� + ���0)/�) + (v� − v�)

(33)IC-NL : �1(1 + ��) − ��2 ≥ �1(1 + ��) − ��2,
(34)IC-LN : �2(1 + ��) − ��2 ≥ �2(1 + ��) − ��2.

(35)��(1 + ��) − ��1 = �1(1 + ��) − ��2,
(36)��(1 + ��) − ��1 = �(1 − ��)[��(1 + ��) − ��2].

(37)
��1 = ��(1 + ��),
��1 = ��(1 + ��) − �(1 − ��)(�� − ��)(1 + ��).

(38)����1 = ��1��� − [�0 + 12��
2
� + ���0(1 − ��)]���.

(39)

����2 =[��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ [���(1 − �)� + (1 − �)(1 − �)�]
+ [��2 − �0 − 12��

2
� − ���0(1 − ��)]�(1 − ��)(1 − �)�.

(40)����1 = [��1 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − �),

(41)

����2 =[��2 − �0 − 12��
2
� − ���0(1 − ��)]�(1 − ��)(1 − ��)(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ [���(1 − ��) + (1 − ��)(1 − �)](1 − �).

(42)Π�� = ����1 + ����2 + ����1 + ����2 + ���.
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and they make purchasing decision based on the expected 
utility. �e manufacturer’s pricing strategy is static and charges 
a sole price for one kind of product. In this case, IR constraints 
and IC constraints are written as

�en, we can get the price of product-N �� = ��(1 + ��) and 
the price of product-L �� = ��(1 + ��) − ��(1 + ��) + ��(1 + ��).

Without social learning, all A-segment consumers choose 
to buy product-N and B-segment consumers choose to buy 
product-L. �us, the manufacturer’s expected pro�t is given 
by

Proposition 5. Without social learning, the optimal carbon 
emission abatement levels are �∗� = (v� + ���0)/� and  
�∗� = (v� + ���0)/�. e optimal prices of product-N and 
product-L are �∗� = ��(1 + �∗�) and �∗� = ��(1 + �∗� ) − ��(1 + �∗�)+��(1 + �∗�).

Proposition 5 shows that the carbon emission abatement 
levels increase in the consumers’ valuation. When consumers’ 
valuation of products is high, the manufacturer can make more 
pro�t by charging a higher price. Under this situation, the 
manufacturer is promoted to invest in a higher emission abate-
ment level. Similar to other propositions in Section 4, the price 
of product-N is independent of the emission abatement level 
of product-L, and the price of product-L highly depends on 
emission abatement strategy of product-N.

Compared with the scenarios in which consumers have 
the opportunity to discover their true valuation via social 
learning, we can get the following corollary.

Corollary 6. Social learning reduces the carbon emission 
abatement of product-N. Social learning improves the emission 
abatement level of product-L under high pricing strategy but 
reduces the emission abatement level under low pricing strategy.

Without social learning, the manufacturer decides the 
emission abatement level based on consumers’ mean valuation. 
When having no access to discover their true valuation, the 
informed type-�� consumers may not buy any product. As a 
result, the manufacturer has no incentive to improve the 
emission abatement level of product-N with the sales volume 
decreasing. A similar thing happens when charging a lower 
price for product-L. When conducting a higher pricing 
strategy of product-L, the manufacturer has to enhance the 
emission abatement level to induce the informed type-��
consumers to purchase in period 2. �erefore, we can conclude 
that social learning improves the emission abatement level of 
product-L.

(52)��(1 + ��) − �� ≥ 0, ��(1 + ��) − �� ≥ 0.

(53)
��(1 + ��) − �� ≥ ��(1 + ��) − ��,
��(1 + ��) − �� ≥ ��(1 + ��) − ��.

(54)

Π =�[�� − �0 − 12��
2
� − ���0(1 − ��)]

+ (1 − �)[�� − �0 − 12��
2
� − ���0(1 − ��)] + ���.

are able to buy product-L. �us, the expected pro�t gained 
from A-segment consumers is

For B-segment consumers, all consumers are able to buy prod-
uct-L. �us, the expected pro�t gained from B-segment con-
sumers is expressed as

�e total expected pro�t of the manufacturer is

�e next proposition that demonstrates the manufacturer’s 
optimal decisions under L–L pricing strategy is shown below.

Proposition 4. When charging lower prices of products, the 
emission abatement levels are ���∗� = ((v� + ���0)/�) − (v� − v�)
(1 − ��)[�(1 − ��)(1 − ��)� + �(1 − ��)(1 − �) + (1 − �)(1 − ��)]
/�[��� + (1 − ��)(1 − � + ���)� + ���(1 − ��)(1 − �)] and 
���∗� = ((v� + ���0)/�) − (v� − v�)�(1 − ��)��(1 − �)/�
[��(1 − �) + �(1 − ��)(1 − ��)� + (1 − ���)(1 − ��)(1 − �)]. 
e optimal prices are ���∗�1 = ��(1 + ���∗� ), ���∗�1 = ��(1 + ���∗� )
−�(1 − ��)[(�� − ��)(1 + ���∗� ) + (�� − ��)(1 + ���∗� )], ���∗�2
= ��(1 + ���∗� ), and ���∗�2 = ��(1 + ���∗� ) − ��(1 + ���∗� )
+��(1 + ���∗� ).

Proposition 4 shows the manufacturer’s optimal decisions 
when charging low prices for both kinds of products. Compared 
to the manufacturer’s strategies in di�erent scenarios, we �nd 
that when choosing the same pricing strategy upon product-L, 
the carbon emission abatement levels of product-L remain the 
same. �e carbon emission abatement level of product-N is 
a�ected by the pricing strategy of product-L. When choosing 
the same pricing strategy of product-L, the population of con-
sumers who buy product-L is �xed. As long as the emission 
abatement level meets the consumers’ requirement, the man-
ufacturer tends to keep the same level. However, the pricing 
strategy of product-L a�ects the sales volume of product-N. 
�us, the optimal emission abatement levels of product-N 
change with di�erent pricing strategies of product-L.

4.5. Without Social Learning. In this scenario, the consumers 
do not have an opportunity to learn about their true valuation, 

(49)

���� =��1��� − [�0 + 12��
2
� + ���0(1 − ��)]���

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]�(1 − �)(1 − ��)�

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ [��(1 − ��)� + (1 − ��)(1 − �)�].

(50)

���� =[��1 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − ��)(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ [�(1 − �)(1 − ��) + (1 − �)(1 − ��)](1 − �).

(51)Π�� = ���� + ���� + ���.
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when the learning intensity is much strong, more informed 
type-�� consumers give up buying if the manufacturer charges 
a higher price. In this case, a lower pricing strategy helps 
improve emission abatement level.

Figure 1(b) shows the relationship between the emission 
abatement level of product-L and social learning intensity �. 
We can see that the emission abatement level of product-L is 
closely related to its own pricing strategy and is not a�ected 
by the pricing strategy of product-N. �e reason behind this 
result is that the pricing strategy of product-N does not a�ect 
the sales volume of product-L. Figure 1(b) also shows that 
social learning intensity improves the emission abatement 
under higher pricing strategy due to the increased willingness 
to pay for the informed type-�� consumers. However, with low 
pricing strategy, the emission abatement level of product-L 
decreases because the uninformed consumers tend to buy 
product-N.

Figure 2 presents how social learning intensity a�ects the 
expected pro�t of the manufacturer. It shows that social learn-
ing hurts the manufacturer. Given � = 0.7, the proportion of 
A-segment consumer is larger than that of B-segment con-
sumer. In this case, the informed type-�� consumers either 
buy products at a lower price or give up purchasing. �e pro�t 
that gained from type-�� consumers decreases with social 
learning intensity increasing. Figure 2 also shows that the 
manufacturer makes more pro�t under H–H pricing strategy 
when � < �1; the L–L pricing strategy brings more pro�t for 
the manufacturer when � > �2. Only when �1 < � < �2, the H–L 
pricing strategy is weakly better than the H–H pricing strategy. 
�e results indicate that the net pricing strategy dominates 
under most conditions, which provides guidelines for the 
manufacturer to choose the speci�c pricing strategy.

5. Numerical Experiments

In this section, we are going to examine the impacts of some 
key factors, such �, ��, ��, and � on the manufacturer’s optimal 
strategies and their pro�t. Setting �� = 0.5, � = 4, � = 0.6, �� = 0.4, �� = 0.6, �� = 0.7, �� = 0.4, and � = 0.6. Note that 
when analyzing the relationship between some parameter and 
the manufacturer’s decision, we assume this parameter is 
variable.

�e �rst set of numerical experiments illustrates the 
impacts of social learning intensity on the emission abatement 
levels, the optimal prices, and the expected pro�t of the 
manufacturer.

Figure 1 depicts the impact of social learning on the emis-
sion abatement levels. From Figure 1, we can see that the car-
bon emission abatement levels of product-N decrease in the 
social learning intensity regardless of adopting which kind of 
pricing strategies. �is is because more and more consumers 
are able to know their valuation of products for sure. �e 
informed type-�� consumers choose to buy product-L and the 
informed type-�� consumers give up purchasing. �us, the 
manufacturer lacks emission reduction motivation and tends 
to lower the emission abatement level to save costs. Figure 1(a) 
also shows that the emission abatement levels of product-N 
are di�erent under di�erent pricing strategies, which indicates 
that the manufacturer’s emission reduction decision of prod-
uct-N is a�ected by the pricing strategy of product-L. 
Moreover, we can also see that the high pricing strategy 
improves the emission abatement level of product-N when the 
social learning intensity is less than a certain value. �is is 
because the e�ect of charging a higher price is stronger than 
the e�ect of true valuation discovery in this scenario. Whereas 
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Figure 1: (a) Relationship between �� and �, (b) relationship between �� and �.
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product-L is a�ected by the population of consumers who buy 
product in period 1. Compared with the a�ection of A-segment 
consumers, the impact of B-segment consumers is much 
stronger. �us, the manufacturer’s decision in abating carbon 
emissions of product-L still highly depends on the population 
of B-segment consumers.

Figure 4(a) shows the impact of �� on the emission abate-
ment level of product-N. It can be seen that the emission abate-
ment levels of product-N in di�erent scenarios increase in 
��. As we know, social learning lowers consumers’ willingness 

�e second set of numerical experiments examines the 
impact of  �� on the manufacturer’s decisions and the expected 
pro�t. Figure 3 shows that �� decreases in �� and ��. With more 
consumers buying products in period 1, the e�ect of social 
learning is weaker in period 2. On the other hand, the sales 
volume decreases due to the higher price of product-L in 
period 2. In this case, the manufacturer cannot make much 
pro�t in period 2. As a result, the manufacturer would like to 
decrease the investment in reducing carbon emissions of prod-
uct-L. �e result implies that the emission abatement level of 
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Figure 4: (a) Impact of �� on ��, (b) impact of �� on ��.
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which improves the manufacturer’s capability to invest more 
capital in reducing emissions of product-N.

Figure 6 shows that the manufacturer’s expected pro�t 
decreases in �� in other scenarios but L–H scenario. A larger 
�� means that more consumers are type-�� and they tend to 
buy product-N; H–H and H–L pricing strategies prevent type-
�� consumers to buy product-N, which reduces the 
manufacturer’s expected pro�t gained from selling product-N. 
Although type-�� consumers face lower price under L–L 
pricing strategy, the lower price for product-L also induces 

to pay for product-N in period 2. �us, the manufacturer can 
make more pro�t if more consumers buy products in period 
1, which also improves the manufacturer’s motivation to 
reduce carbon emissions. In addition, the emission abatement 
level of product-N under H–H pricing strategy is higher than 
those in other cases due to the increased population who turn 
to buy product-N in period 2. Figure 4(b) shows that the emis-
sion abatement levels of product-N increase in �� when charg-
ing a higher price for product-L, but decrease in �� when 
charging a lower price for product-N.

�e third set of numerical examples demonstrates the 
impacts of �� on the emission abatement levels and the 
expected pro�t of the manufacturer. Figure 5 shows that the 
emission abatement level under H–H pricing strategy is higher 
than those under other pricing strategies, and it weakly 
decreases in ��. �e result indicates that the pricing strategy 
plays an important role in reducing carbon emissions. It can 
also be seen that the emission abatement levels in other sce-
narios increase in ��, especially under L–L pricing strategy. 
When the manufacturer charges lower prices for both types 
of products, more consumers tend to buy product-N with ��
increasing. So the manufacturer can make more pro�t from 
consumers who buy product-N, which drives up the emission 
abatement level of product-N.

Similar to the impacts of ��, the emission abatement level 
of product-N decreases in �� under H–H pricing strategy, but 
increases in �� under other situations, as shown in Figure 5(b). 
From Figure 5(b), we can also see that the emission abatement 
level �� under H–H pricing strategy is the highest when 
�� < ��. �e emission abatement level �� under L–L pricing 
strategy is the highest when �� > ��. When �� is relatively 
large, more type-�� consumers purchase product-N when the 
manufacturer charges a lower price. In this case, the manu-
facturer makes more pro�t due to the enlarged sales volume, 
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Figure 5: (a) Impact of �� on ��, (b) impact of �� on ��.
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Figure 8 depicts the impact of � on the manufacturer’s 
expected pro�t. It shows that the expected pro�t of the man-
ufacturer decreases in � under H–H, H–L, and L–H pricing 
strategy. It implies that as long as a higher price exits, the con-
sumers’ purchasing capability is driven down, especially when 
a large part of consumers’ true valuation is ��. Under L–L 
pricing strategy, the manufacturer’s expected pro�t decreases 
in � when � < �3, but weakly increases in � when � > �3. �e 
reason behind this result is that more type-�� consumers dis-
cover their true valuation via social learning when � is 

consumers to buy product-L. In the scenario that type-��
consumers account for a large proportion in the market, the 
manufacturer makes less pro�t with �� increasing. However,the 
L–H pricing strategy drives consumers to buy more product-N. 
As a result, the manufacturer’s expected pro�t increases in ��
in a market dominated by type-�� consumers. Moreover, when 
�� < ��1, H–H pricing strategy brings more for the 
manufacturer. When �� ≥ ��1, L–H pricing strategy is better 
than any other strategies. �e managerial insight from this 
result is that the manufacturer should set a higher price for 
product-L when simultaneously o�ering ordinary products 
and low-carbon products.

Figure 7(a) shows that the emission abatement levels of 
product-N increase in regardless of which kind of pricing strat-
egy chosen by the manufacturer. With a larger �, more con-
sumers belong to A-segment. As reducing carbon emissions 
induces consumers to pay a higher price for eco-friendly prod-
ucts, the manufacturer can make more pro�t by investing in 
carbon emission abatement. �us, the emission abatement level 
of product-N increases in �. When charging a higher price for 
product-L, the manufacturer invests in abating carbon emis-
sions on product-N only when it is larger than a certain value, 
as shown in Figure 7(a). When � is relatively small, the e�ect 
of social learning on sales of product-N is weak, the bene�t of 
abating carbon emissions of product-N is much small. On the 
other hand, the lower price induces more consumers to buy 
product-L. As a result, the manufacturer does not invest in 
abating carbon emissions on product-N. Moreover, the emis-
sion abatement level �� under L–L pricing strategy is higher 
than those in any other scenarios when � > �1, which is caused 
by the increased sales volume of product-N. Figure 7(b) shows 
that the emission abatement level �� weakly increases in �. It 
implies that the population of B-segment consumers does not 
play a role in abating carbon emissions.
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Figure 7: (a) Impact of � on ��, (b) impact of � on ��.
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In period 1, when buying product-� (� = �, �) the net 
utility of an uninformed consumer is ��1 = ��(1 + ��) − ��1. To 
ensure uninformed consumers to buy products in period 1, there 
exists ��1 = ��2. As ��1 = 0, ��2 = �(1 − ��)[��(1 + ��) − ��2], 
then, we get

�us, the prices in period 1 are written as

In period 1, the population of A-segment consumers who 
product-N is ���. In period 2, the population among 
A-segment consumers who buy product-N is (1 − ��)(1 − �)�,
and the population who buy product-L is �(1 − ��)(1 − ��)�.
�us, the manufacturer’s expected pro�t gained from 
A-segment consumers is

Similarly, we can get the manufacturer’s expected pro�t gained 
from B-segment consumers,

Considering the initial carbon emission cap G, the manufac-
turer’s expected pro�t is.

Taking the second derivatives, we get

Denote ��� = −�(1 − �)[1 − ��(1 − �)] − ����� and ��� = −��(1 − ��)(1 − ��)(1 − �) − ���(1 − �) − ���(1 − ��)(1 − ��). 
�e Hessian matrix of Π��(��, ��) is

(A.7)��(1 + ��) − ��1 = 0,
(A.8)��(1 + ��) − ��1 = �(1 − ��)[��(1 + ��) − ��2].

(A.9)��1 = ��(1 + ��),
��1 = ��(1 + ��) − �(1 − ��)(�� − ��)(1 + ��).

(A.10)

���� =��1��� − [�0 + 12��
2
� + ���0(1 − ��)]���

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − ��)(1 − )�

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − ��)(1 − ��)�.

(A.11)

���� =[��1 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]�(1 − �)(1 − ��)(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − �)(1 − ��)(1 − �).

(A.12)Π�� = ���� + ���� + ���.

(A.13)
�2Π��

�(��)
2 = −�(1 − �)[1 − ��(1 − �)] − �����,

(A.14)
�2Π��

�(��)
2 = − ��(1 − ��)(1 − ��)(1 − �)

− ���(1 − �) − ���(1 − ��)(1 − ��),

(A.15)
�2Π��
�����
= 0.

relatively large. Under L–L pricing strategy, all consumers 
make buying decision and the manufacturer earns more pro�t 
with the sales volume increasing.

6. Conclusion

Under cap-and-trade regulation, this paper investigates the 
manufacturer’s product line design and the pricing strategy 
considering the impact of social learning. Because of consumers’ 
eco-friendly awareness and idiosyncratic valuations of di�erent 
kinds of products, the manufacturer o�ers di�erent products 
with di�erent emission abatement levels. �e results show that 
the emission abatement levels on product-N are di�erent when 
the manufacturer chooses di�erent pricing strategies. Whereas 
when following the same pricing strategy for product-L, the 
emission abatement level on product-L remains the same, 
regardless of the choice of pricing strategy for product-N. �e 
�ndings also show that social learning drives down the emission 
abatement level of product-N; however, it drives up the emission 
abatement level on product-L when making a higher price for 
product-L, but drives down the emission abatement level when 
charging a lower price for product-L. In addition, the emission 
abatement level of product-N increases in the proportion of 
consumers who purchase in period 1 within A-segment 
consumer.�e emission abatement level of product-L increases 
in the population of consumers who buy products in period 1 
when charging a higher price for product-L, but it decreases 
when charging a lower price for product-L. In summary, the 
conclusions of this paper provide valuable managerial insights 
for manufacturers to design product lines and to choose 
di�erent pricing strategies in practice.

Appendix

A. Proof of Proposition 1

�e proof started from the second period based on the rational 
expectation theory. Under H–H pricing strategy, the uninformed 
A-segment consumers are able to buy product-N, and the informed 
B-segment consumers are able to buy product-L. �us, the individual 
rationality constraints are written as

To induce the A-segment consumers to buy product-N and 
B-segment consumers to buy product-L, the incentive com-
patibility constraints are given by

�us, we can get the prices in period 2

(A.1)IR-N : ��(1 + ��) − ��2 ≥ 0,

(A.2)IR-L : ��(1 + ��) − ��2 ≥ 0.

(A.3)IC-NL : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2,

(A.4)IC-LN : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2.

(A.5)��2 = ��(1 + ��),
(A.6)��2 = ��(1 + ��) − ��(1 + ��) + ��(1 + ��).
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(A.16)�(��, ��) = [��� 00 ��� ].

(A.17)���∗� = �� + ���0� − �(�� − ��)[(1 − ��)(1 − ��)� + (1 − ��)(1 − �)]�[��� + (1 − ��)(1 − �)� + (1 − �)(1 − ��)(1 − �)]
,

(A.18)���∗� = �� + ���0� − (�� − ��)��(1 − �)
�[��(1 − �) + �(1 − ��)(1 − ��)� + �(1 − ��)(1 − ��)(1 − �)]

.

In a similar way, we can get the pro�t obtained from B-segment 
consumers

�e total expected pro�t of the manufacturer under H–L pric-
ing strategy is

By taking the second derivatives of Π��, there exists.

Denote ��� = −�[1 − �(1 − ��)] and ��� = −�[1 + ���(1 − ��)](1 − �) − ���(1 − ��)(1 − ��). �e Hessian matrix of 
Π��(��, ��) is.

�en, det[�(��, ��)] = ������ > 0. Hence, by solving 
(�Π��/���) = 0 and (�Π��/���) = 0, we get

(B.8)

���� =��1��� − [�0 + 12��
2
� + ���0(1 − ��)]���

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − ��)(1 − )�

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)](1 − ��)(1 − ��)�.

(B.9)

���� =[��1 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ [�(1 − ��)(1 − ��) + (1 − �)(1 − ��)](1 − �).

(B.10)Π�� = ���� + ���� + ���.

(B.11)
�2Π��

�(��)
2 = −�[1 − �(1 − ��)],

(B.12)

�2Π��

�(��)
2 = −�[1 + ���(1 − ��)](1 − �) − ���(1 − ��)(1 − ��),

(B.13)
�2Π��
�����
= 0.

(B.14)�(��, ��) = [��� 00 ��� ].

Substituting ���∗�  and ���∗�  into ��1, ��1, ��2, ��2, we get 
���∗�1 = ��(1 + ���∗� ),  ���∗�1 = ��(1 + ���∗� ) − �(1 − ��)(�� − ��)
(1 + ���∗� ), ���∗�2 = ��(1 + ���∗� ), and ���∗�2 = ��(1 + ���∗� )
−��(1 + ���∗� ) + ��(1 + ���∗� ).

B. Proof of Proposition 2

Under H–L pricing strategy, the uninformed A-segment consumers 
are able to buy product-N, and both the informed and uninformed 
B-segment consumers are able to buy product-L. �us, the individual 
rationality constraints are written as

�e IC constraints are written as

�en, we can get

�e prices in period 1 should satisfy

�en, we can get

Among A-segment consumers, the population of who buys 
product-N in period 2 is (1 − ��)(1 − �)�, and the popula-
tion who buys product-L is �(1 − ��)(1 − ��)�. �us, the 
total pro�t gained from A-segment consumers in two 
 periods is

(B.1)IR-N : ��(1 + ��) − ��2 ≥ 0,

(B.2)IR-L : ��(1 + ��) − ��2 ≥ 0.

(B.3)IC-NL : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2,

(B.4)IC-LN : ��(1 + ��) − ��2 ≥ ��(1 + ��) − ��2.

(B.5)

��2 = ��(1 + ��),
��2 = ��(1 + ��) − ��(1 + ��) + ��(1 + ��).

(B.6)
��(1 + ��) − ��1 = 0,
��(1 + ��) − ��1 = �(1 − ��)[��(1 + ��) − ��2].

(B.7)
��1 = ��(1 + ��),
��1 = ��(1 + ��) − �(1 − ��)[��(1 + ��) − ��2].

�en, det[�(��, ��)] = ������ > 0. Hence, by solving 
(�Π��/���) = 0 and (�Π��/���) = 0, we get
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Similarly, we can get

By taking the second derivatives of Π��, there exists

Denote ��� = −�[1 − �(1 − ��)](1 − ��)(1 − �) − �[1 − �(1 − ��)](1 − ��)(1 − �) and ��� = −��(1 − ��)(1 − ��)(1 − �) − ���(1 − �) − ���(1 − ��)(1 − ��).
�e Hessian matrix of Π��(��, ��) is

�en, det[�(��, ��)] = ������ > 0. Hence, by solving 
(�Π��/���) = 0 and (�Π��/���) = 0, we get

(C.8)

���� =��1��� − [�0 + 12��
2
� + ���0(1 − ��)]���

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]�(1 − �)(1 − ��)�

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ [��(1 − ��)� + (1 − ��)(1 − �)�].

(C.9)

���� =[��1 − �0 − 12��
2
� − ���0(1 − ��)]��(1 − �)

+ [��2 − �0 − 12��
2
� − ���0(1 − ��)]

⋅ (1 − ��)(1 − ��)(1 − �)
+ [��2 − �0 − 12��

2
� − ���0(1 − ��)]

⋅ [��(1 − ��) + (1 − ��)(1 − )](1 − �).

(C.10)
�2Π��

�(��)
2 = − �[1 − �(1 − ��)](1 − ��)(1 − �)

− �[1 − �(1 − ��)](1 − ��)(1 − �),

(C.11)

�2Π��

�(��)
2 = − ��(1 − ��)(1 − ��)(1 − �)

− ���(1 − �) − ���(1 − ��)(1 − ��),

(C.12)
�2Π��
�����
= 0.

(C.13)�(��, ��) = [��� 00 ��� ].

(B.15)���∗� = �� + ���0� − (�� − ��)[�(1 − ��)(1 − ��)� + �(1 − ��)(1 − �) + (1 − �)(1 − ��)(1 − �)]�[��� + (1 − ��)(1 − �)�]
,

(B.16)���∗� = �� + ���0� − (�� − ��)�(1 − ��)��(1 − �)
�[��(1 − �) + �(1 − ��)(1 − ��)� + (1 − ���)(1 − ��)(1 − �)]

.

�en, we can get the optimal prices decided by the 
manufacturer ���∗�1 = ��(1 + ���∗� ), ���∗�1 = ��(1 + ���∗� ) − �(1−
��)[(�� − ��)(1 + ���∗� ) + (�� − ��)(1 + ���∗� )], ���∗�2 = ��(1 + ���∗� ),
and ���∗�2 = ��(1 + ���∗� ) − ��(1 + ���∗� ) + ��(1 + ���∗� ).

C. Proof of Proposition 3

Under L–H pricing strategy, the IR constraints and IC con-
straints are expressed as

�us, we can get the prices in period 2

Based on the rational expectations theory, the prices in period 
1 satisfy

�us, ��1 = ��(1 + ��), ��1 = ��(1 + ��) − �(1 − ��)(�2 − �1)(1 + ��).
Among A-segment consumers, the population who buy 

 product-N in period 1 is ���, and the population is 
���(1 − ��)� + (1 − ��)(1 − �)� in period 2. �e population 
who buys product-L is �(1 − ��)(1 − ��)�. As a result, the 
manufacturer’s expected pro�t gained from A-segment con-
sumers is

(C.1)IR-N : ��(1 + ��) − ��2 ≥ 0,

(C.2)IR-L : ��(1 + ��) − ��2 ≥ 0,

(C.3)
IC-NL : �1(1 + ��) − ��2 ≥ �1(1 + ��) − ��2,

(C.4)IC-LN : �2(1 + ��) − ��2 ≥ �2(1 + ��) − ��2.

(C.5)
��2 = �1(1 + ��), ��2 = �2(1 + ��) − �2(1 + ��) + �1(1 + ��).

(C.6)��(1 + ��) − ��1 = �1(1 + ��) − ��2,

(C.7)��(1 + ��) − ��1 = �(1 − ��)[�2(1 + ��) − ��2]

(C.14)���∗� = �� + ���0� + (�� − ��)�[(1 − ��)��� − (1 − ��)(1 − ��)� − (1 − ��)(1 − �)]�[��� + (1 − ��)(1 − � + ���)� + (1 − � + ���)(1 − ��)(1 − �)]
,

(C.15)���∗� = �� + ���0� − (�� − ��)��(1 − �)
�[��(1 − �) + �(1 − ��)(1 − ��)� + �(1 − ��)(1 − ��)(1 − �)]

.
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