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What is Behavioral Industrial Organization?

Standard IO: Profit maximizing firms and expected utility maximizing
consumers with correct beliefs.
Sometimes the simplification is a bad approximation.

Behavioral IO: Enrich models with more realistic models of behavior
for market participants.
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Behavioral Industrial Organization

Behavioral Consumers
1 Non-Standard Preferences
2 Failing to choose the best price due to

1 Suboptimal Search
2 Confusopoly: Confusion Comparing Prices
3 Excessive Inertia

3 Overconfidence & Systematic Misweighting
Behavioral Managers and Firms

Firms are run by people, and people make mistakes. . .
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Behavioral Consumers: (1) Non-standard Preferences

How do profit maximizing firms respond to consumers that are
Loss averse? (Grubb, 2015c; Heidhues and Köszegi, 2018, 5.1)
Present biased and sophisticated? (Heidhues and Köszegi, 2018, 5.2))
Conspicuous consumers? (Heidhues and Köszegi, 2018, 5.3))
Fairness loving?
Status-seeking?
Ambiguity averse?

Market response maybe be beneficial or exploitative.
Beneficial example: Offering commitment devices.

Seems rare in practice (Laibson, 2015).

Michael D. Grubb (Boston College) Behavioral IO May 19, 2022 4 / 51



Example: Selling to Loss Averse Consumers I

1 First-order risk aversion (Kőszegi and Rabin, 2007)
Consumers demand insurance for small risks
Firms charge flat rates (Herweg and Mierendorff, 2013)

2 Comparison Effect: Kinks in demand curves
Heidhues and Kőszegi (2014) & Spiegler (2012):

Fixed reference point → outward kink → rigid pricing
Price increases coded as losses—loom larger than price cuts
Focal prices & low pass-through

Zhou (2011):
Firm set reference point → inward kink → random pricing
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Example: Selling to Loss Averse Consumers II

3 Stochastic pricing: Low prices create attachment (raising WTP) and
high prices exploit

Interpretation: Hurts consumer by lowering utility of not buying
Regular prices and sales (Heidhues and Kőszegi, 2014)
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Minute Maid 64oz Orange Juice (Jul. 2001 - Aug. 2002)

Black Friday pricing (Rosato, 2016)

4 Managing expectations matters (Karle and Peitz, 2014, 2017)
Firms delay full disclosure to exploit attachment effect
Mandating early disclosure can lower prices & raise CS

Michael D. Grubb (Boston College) Behavioral IO May 19, 2022 6 / 51



Behavioral Consumers: (2) Failing to choose the best price

Consumers tend to (Grubb, 2015a):
1 Search too little

Example: U.S. Mortgage market (broker segment)
Woodward and Hall (2012): gain visiting 1 more broker ≈ $1, 000
Conclusion: reject rational search

2 Miscompare prices or quality (confusion)
Example: U.K. electricity tariff choice. Wilson and Waddams Price
(2010): 6–12% of those switching for a cheaper rate switch to a plan
dominated by original tariff

3 Switch too little (excessive inertia)
Example: Choosing employer based health insurance plan
Handel (2013): average switching cost ≈ $2, 000
Conclusion: additional sources of inertia such as inattention (Kiss,
2014), forgetting, or procrastination (Madeira, 2015).
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Behavioral Consumers: (2) Failing to choose the best price

Lack of search & price confusion → noisy choices.
Decision errors differ across consumers
Firm perspective—like spurious product differentiation
Creates market power → raises markups even with many sellers

Connection to Dimitry’s talk on Thursday
With differentiated firms and/or outside option, noisy choices are also
allocatively inefficient (but harder to identify mistakes)

Michael D. Grubb (Boston College) Behavioral IO May 19, 2022 8 / 51



Behavioral Consumers: (2) Failing to choose the best price

Lack of search & price confusion → noisy choices.
Decision errors differ across consumers
Firm perspective—like spurious product differentiation
Creates market power → raises markups even with many sellers

Connection to Dimitry’s talk on Thursday
With differentiated firms and/or outside option, noisy choices are also
allocatively inefficient (but harder to identify mistakes)

Michael D. Grubb (Boston College) Behavioral IO May 19, 2022 8 / 51



Firms obfuscate to dampen search.

Example: Drip pricing
Lab: Drip pricing profitably dampens search (OFT, 2010)
Field: Retailers hide price in S&H fees to defeat price comparison
engine (Ellison and Ellison, 2009)
Theory: Firm’s raise own search costs in equilibrium (Wilson, 2010;
Ellison and Wolitzky, 2012).
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Confusopoly: Consumer confusion about quality
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Confusopoly: Consumer confusion about quality

Bronnenberg, Dubé, Gentzkow, and Shapiro (2015)

Were all consumers pharmacists:
Prices fall 37%
Expenditure falls 15% ($435 million)

Michael D. Grubb (Boston College) Behavioral IO May 19, 2022 11 / 51



Which plan would you choose for Netflix on your iPad?
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7% new employees choose dominated plan (Handel 2014)
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Confusopoly: Price Obfuscation

Model
Homogenous good Duopoly, unit demand
Firms simultaneously choose a price and a price frame

Ex: Inclusive price ($9.99) vs. partitioned price ($1.99 plus $8 S&H)

π(x , y) = Pr(can compare prices across frames x and y)

Those who cannot compare prices choose randomly

Insights
Firms obfuscate
Firms may choose more complex frames and higher prices with

more competitors (Chioveanu and Zhou, 2013)
increased comparability of simple frames (Piccione and Spiegler, 2012)

Firm response can undermine transparency policies
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Behavioral Consumers: (3) Overconfidence and systematic
misweighting

Consumers often misweight product attributes
Example: underweight hidden fees

Themes
Behavioral First Welfare Theorem:

Competition maximizes joint perceived surplus

Firms exploit biases with complicated pricing features

Exploitation (intensive margin) distortion
Participation (extensive margin) distortion
Cross-subsidies & Ripoff externalities

Firms can facilitate exploitation of the naïve by the sophisticated
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Firms complicate contracts to exploit bias
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Firms hide costs in hidden fees and add hurdles and traps to
exploit overoptimism about navigating contract terms

Consumers underweight hidden fees

Firms charge hidden fees

Overoptimism about remembering to act (prospective memory)
Overoptimism about procrastination (self-control)

Firms set memory hurdles & procrastination traps
Free trials, teaser rates, and auto-renewal
Mail-in rebates
Bonus cash back (quarterly activation required)

Overoptimism about attention
Firms set attention hurdles—price changes at thresholds
Overdraft fees, Credit card-over limit fees, Data overage charges,
Fequent flyer awards
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Firms distort contracts to exploit biased usage forecasts

Overestimate usage → distort marginal price ↓ and quality ↑
Underestimate usage → distort marginal price ↑ and quality ↓
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Exploiting overprecision of demand forecasts

Grubb (2009): Overprecision: correctly forecast median data use Q but
underestimate variance of data needs

Overconfident Consumers in the Marketplace     21

how markets operate with overconfident consumers. Second, while no magic wand 
exists to wave away overconfidence, feasible policies can sometimes reduce contract 
overvaluation, thereby having the same effect on market outcomes as reducing 
consumer overconfidence.

Answering the welfare question requires first addressing another: Will overconfi-
dent consumers over- or undervalue equilibrium contract offers? The answer affects 
whether overconfidence raises or lowers industry profits, harms or helps consumers, 
and whether overconfidence expands or contracts the market. If overconfident 
consumers are overoptimistic about their own levels of self-control, prospective 
memory, or attention, and hence their ability to take advantage of a contract’s poten-
tial value, then they overvalue contracts. For example, an individual overconfident 
about his own self-control overestimates his future gym attendance and hence his 
value of a gym membership. In contrast, if overconfident consumers misforecast their 
future usage because they misforecast their future valuations for the service, then they 
might undervalue contracts. Undervaluing car insurance due to overoptimism about 

Figure 1 
Three-Part Tariff Pricing

Source: Author.
Notes: Suppose that cellular service providers have marginal costs of 10 cents per minute and fixed 
costs of $40 per customer. One firm prices at cost while another firm offers the three-part tariff shown, 
charging $60 for an allowance of 400 included minutes plus 45 cents per minute for additional calling. 
In the example described in the text, overprecise consumers choose the three-part tariff because they 
anticipate their usage always falling inside the gray-shaded interval, where the contract is below cost. 
The three-part tariff is profitable on average, however, because consumers turn out to consume in the 
profitable non-shaded regions more often than not.
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Exploiting overoptimism about self control

DellaVigna and Malmendier (2004)
Investment goods: present costs, future benefits

Gym workout, language class
Overconfident → overestimate usage
High up-front fees, low usage fees, high quality

DellaVigna and Malmendier (2006) “Paying not to go to the gym”
Members with $70/mo flat-rate membership attend avg. 4.3/mo
≈ $17 per visit
Buying $10 day passes would save $600 during their membership.
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Complex pricing is robust to competition
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How does systematic misweighting affect welfare?
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Ripoff Externalities

Suggested papers: Gabaix and Laibson (2006), Bubb and Kaufman (2013),
and Armstrong (2015)

Model
Bank cost c per account, monthly account fee p, hidden fee a ≤ ā

(1 − α) Ninjas: Avoid fees
α Naive: Pay a in fees, but don’t realize (OC in ninja skills / unaware)
π = p + αa− c

Competitive Equilibrium: a = ā and π = 0 → p = c − αā

Ninjas pay p = c − αā < c

Naive pay p + ā = c + (1 − α)ā > c

Insight
Naive consumers cross-subsidize Ninjas
Naive payment increases in # Ninjas → Ninja training camp can save
some naifs, but those who do not attend are made worse off!
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How does systematic misweighting affect welfare?

Usage on the intensive margin? (Exploitation distortions)
Marginal price distortions distort usage on the intensive margin

Hidden checked bag fees encourage competition for carry-on space
High overage rates discourage data use

Complicated contract terms lead to socially wasteful effort
Filling out mail-in rebates
Tracking account balances

Purchase on extensive margin? (Participation distortion)

Distribution of surplus between firms and consumers?
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Competitive Case with Homogeneous Bias (Grubb, 2015b)

RE = Rational Expectations (True welfare relevant preferences)
OC = Overconfident (Biased demand)
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Example

MC data = 0

RE: Wireless plan = $50/mo unlimited data.
“contract” = pRE = unlimited data
“price” = PRE = $50.

OC: Wireless plan = $40/mo, 5 GB data, and $1 per 100 MB overage
Consumers pay $10 overage & forgo $5 value of curtailed data usage.

POC = $55 (not $40!)
“contract” is

pOC = “5 GB data, $1 per 100 MB overage, and $15 cash back”.
$15 refund offsets:

$10 in overage fees and $5 value of forgone data usage
Makes contracts comparable (same U)

∆C = $15 refund − $10 overage = $5 = Exploitation distortion
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Competitive Case with Homogeneous Bias (Grubb, 2015b)
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Price changes depend on pass-through

Given constant pass-through rate ρ:
Overconfidence inflates true price (of utility U):

∆P = POC − PRE = (1 − ρ)∆D + ρ∆C

Overconfidence reduces perceived price:

∆P∗ = ∆P −∆D = −ρ (∆D −∆C )

Expressions hold with firm market power
(even though the figure does not)
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Grubb and Osborne (2015)

Research question: what are the welfare effects of alerting cellular
phone customers when they exceed usage allowances?
Policy: cellular carriers agreed to provide alerts as of April 2013
Key intuition:

Holding prices fixed, “unshrouding” prices benefits consumers
But firms offset this by increasing base good prices in equilibrium

Approach:
Structural model of cellular phone usage, including estimates of bias
Counterfactuals with endogenous pricing
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Data and Stylized Facts
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Grubb and Osborne (2015): Data

Monthly billing record for students at a major university who were
customers of a national cellular carrier

Limit to August 2002–July 2004, and subscribers who newly joined
during that period
1,261 subscribers

Choice set: prices and characteristics of all plans available from any
carrier
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Available plans
242 THE AMERICAN ECONOMIC REVIEW january 2015

regardless of any future promotions or discounts, until they switch plans or termi-
nate service. However, the terms of any given plan, such as the included allowances 
and overage rates for plans 1–3, vary according to the date a customer chooses the 
plan.

We say that one plan is larger than another if it coincides with the lower enve-
lope of the tariff menu at a higher interval of usage. Plans are numbered in order 
of size, smallest to largest. Systematic consumer mistakes in choice of plan size 
identify mean biases. We say that one plan is riskier than another if it yields a higher 
expected bill for sufficiently high usage uncertainty. Loosely speaking, this orders 
plans by their degree of convexity. We also say that one plan is riskier than another 
if it gives a higher risk of a very large bill. Loosely speaking, this orders plans by 
their average steepness. Given the plans in our data, both notions of plan risk lead to 
the same ordering: Plan 0 is the safest plan, plan 1 is the riskiest, and plans 1–3 are 
numbered in order of decreasing risk. Consumer overconfidence is identified by the 
systematic choice of overly risky plans.14

B. Evidence for Stylized Facts

Three Stylized Facts Relevant to Modeling Usage Choices.—Three features of 
the data are important to accurately model usage choices by customers of cellular 
phone service. First, consumers’ usage choices are price sensitive. Second, consum-
ers’ usage choices are made while consumers are uncertain about the ex post mar-
ginal price. Third, consumers are inattentive to the remaining balance of included 
minutes during the course of a billing cycle. These three stylized facts motivate our 
assumption that, rather than choosing a precise quantity, consumers choose calling 
thresholds and proceed to make all calls valued above the threshold.

Consumer price sensitivity is clearly illustrated by a sharp increase in calling 
volume on weekday evenings exactly when the off-peak period for free night and 
weekend calling begins (Figure 2). This increase in calling is not simply a 9 pm 
effect, as the increase occurs only on weekdays, and at 8 pm for plans with early 

14 With a richer choice set we could separately identify a risk-loving preference (from the choice of overly steep 
plans) from overconfidence (from the choice of overly convex plans). In our data, however, the steepest plans are 
the most convex so we identify overconfidence by assuming risk neutrality.
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Fact 1: Consumers are price sensitive 243grubb and osborne: cellular service demandVOL. 105 NO. 1

nights-and-weekends. For plans with free weeknight calling starting at 8 pm, there 
is still a secondary increase in usage at 9 pm (panel C of Figure 2). Restricting atten-
tion to outgoing calls made to landlines (recipients for whom the cost of receiving 
calls was zero) almost eliminates this secondary peak (panel D of Figure 2). This 
finding suggests that the secondary peak is primarily due to calls to and from cel-
lular numbers with the common 9 pm off-peak start time rather than a 9 pm effect.

Two pieces of evidence demonstrate consumer uncertainty about ex post marginal 
price. First, given clear sensitivity to marginal price, if consumers could anticipate 
whether they would be under their allowance (zero marginal price ex post) or over 
their allowance ($0.35 to $0.45 per minute marginal price ex post) we would expect 
to see substantial bunching of consumers consuming their entire allowance but no 
more or less. Figure 3 shows there is no bunching, which is consistent with simi-
lar findings in the contexts of electricity consumption (Borenstein 2009) and labor 
supply (Saez 2010). Second, consumers who anticipate being strictly under their 
allowance should exhibit no price response at the commencement of off-peak hours. 
However, Figure 4 shows that the sharp increase in calling at 9 pm shown in Figure 2 
persists even in months for which the peak allowance is underutilized. This finding 
is true even for outgoing calls to landlines for which the jump in calling at 9 pm can-
not be due to call recipients trying to avoid calling charges. These are natural con-
sequences of usage choices made under uncertainty about ex post marginal price. 
Hence the standard model (Cardon and Hendel 2001; Reiss and White 2005), which 
assumes perfect consumer foresight, fits our data poorly.
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Figure 2. Daily Usage Patterns for Subscribers with Free Nights and Weekends

Notes: Top row: Weekday (panel A) and weekend (panel B) usage patterns for subscribers with 6 am–9 pm peak 
hours. Bold vertical lines mark 9 pm. Bottom row: Weekday usage patterns for subscribers with 7 am–8 pm peak 
hours. Bold vertical lines mark 8 pm. Panel C shows all weekday calling, while panel D is restricted to outgoing 
calls to landlines.
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Fact 2: No bunching at included minute limits244 THE AMERICAN ECONOMIC REVIEW january 2015

Now we turn to evidence that consumers are inattentive. Figure 4 shows a sharp 
increase in weekday outgoing calls to landlines at 9 pm during months for which 
final usage is 65 percent or less of the included minute allowance. As already noted, 
the fact that a price response is observed when the ex post marginal price is zero 
before and after 9 pm is explained by ex ante uncertainty. At the time consumers 
make their calling choices they place positive probability on an overage and respond 
to a positive expected marginal price before 9 pm.
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Notes: Usage densities for popular plans are constructed with 9,080, 5,026, 2,351, and 259 bills for plans 0–3, 
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Figure 4. Weekday Usage Patterns in Months Substantially below Allowance

Notes: Weekday usage patterns of outgoing calls to landlines for plan 1–3 subscribers during months in which total 
usage was at most 65 percent of the included allowance. Usage patterns are shown for the first three weeks of the 
month (panel A) and the last week of the month (panel B).
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Fact 3: Still wait for off-peak even when far below allowance

244 THE AMERICAN ECONOMIC REVIEW january 2015
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Fact 4: Average consumer could have saved money with a
less convex or larger plan

247grubb and osborne: cellular service demandVOL. 105 NO. 1

consumers’ choice patterns based on their knowledge of existing subscribers. In 
other words, if there is an aggregate shock we assume the firm observes it and knows 
consumers do not. Equivalently, if there are ex ante mistakes we assume they are 
predicted by the firm. Column 3 of Table 1 suggests that this assumption is reason-
able by replicating the finding from column 2 using only data from the prior year. 
(The exercise is only suggestive due to the price change between the two periods.)

III.  Model

At each date t, consumer i first receives a signal ​s​it​ about her period t taste shock ​
θ​it​ , next chooses a plan j from a firm f, and finally chooses peak and off-peak quan-
tities summarized by the vector ​q​it​ = ​( ​q​ it​ 

pk​, ​q​ it​ 
op​ )​. (The text suppresses the distinc-

tion between in-network and out-of-network calling, which are covered in online 
Appendix C.) Total billable minutes for plan j are

 	​  q​ itj​ billable​  = ​ q​ it​ 
pk​  +  O​P​j​ ​q​ it​ 

op​ ,

where O​P​j​ is an indicator variable for whether plan j charges for off-peak usage. At 
the end of period t, consumer i is charged

 	​  P​ j​ (​q​it​)  = ​ M​j​  + ​ p​j​ max ​{ 0, ​q​ itj​ billable​ − ​Q​ j​ }​ ,

where pricing plan j has monthly fee ​M​j​ , included allowance ​Q​j​ , and overage rate ​
p​j​ . (A guide to these and other model parameters is provided in online Appendix B.)

We assume consumers are risk neutral, consumers have quasilinear utility, and 
peak and off-peak calls are neither substitutes nor complements. Consumer i ’s 
money-metric utility in month t from choosing plan j and consuming ​q​it​ units is

(1) 	​  u​itj​  =   ​  ∑​ 
k∈{ pk, op}

​ 
 

  ​ V ​( ​q​ it​ 
k
 ​ , ​θ​ it​ 

k
 ​ )​  − ​ P​ j​ (​q​it​)  + ​ η​itf​ ,

where

(2) 	  V ​( ​q​ it​ k
 ​, ​θ​ it​ k

 ​ )​  = ​  1 _ 
β
 ​  ​q​ it​ 

k
 ​  ​( 1 − ​ 1 _ 

2
 ​ ​( ​q​ it​ k

 ​/​θ​ it​ k
 ​ )​ )​

is the value from category k ∈ ​{  pk, op }​ calling, which depends on a pair of non-
negative taste shocks ​θ​it​ = ​( ​θ​ it​ 

pk​, ​θ​ it​ 
op​ )​, and ​η​itf​ is a firm-specific i.i.d. standard logit 

Table 1—Savings Opportunities

Opportunity (1) (2) (3)
Enrollment dates 10/02–8/03 9/03 onward 10/02–8/03
Enrollment change plan 1–3 → plan 0 plan 1 → plan 2 plan 1 → plan 2
Affected customers 246 (34 percent) 437 (56 percent) 96 (14 percent)
Savings per affected bill $8.73 $2.68 $5.45

Notes: Savings opportunities indicate that consumers choose overly risky plans (overconfi-
dence) predictably. Savings estimates are a lower bound because we cannot always distinguish 
in- and out-of-network calls.
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v​ itj​ 
pk​ to maximize her expected utility conditional on her period t information ​ℑ​it​ .  

Given allowance ​Q​j​ , overage rate ​p​j​ , and multiplicative demand in equation (3), 
the optimal threshold derived in online Appendix B.1 is uniquely characterized by 
equation (4):

(4) 	​  v​ itj​ 
pk​  = ​ p​j​ Pr ​( ​θ​ it​ pk​ ≥ ​Q​j​/​  q ​ ​( ​v​ itj​ pk​ )​ | ​ℑ​it​ )​ ​ 

E ​[ ​θ​ it​ pk​ | ​θ​ it​ 
pk​ ≥ ​Q​j​/​  q ​ ​( ​v​ itj​ pk​ )​; ​ ℑ​it​ ]​

   __  
E ​[ ​θ​ it​ pk​ | ​ℑ​it​ ]​

 ​  .

The calling threshold ​v​ itj​ 
pk​ is between zero and the overage rate ​p​j​ and is increasing 

in the consumer’s belief about the mean and variance of calling opportunities, as 
both increase the anticipated likelihood of paying overage fees. Figure 9 in online 
Appendix B plots ​v​ itj​ 

pk​ as a function of beliefs.
Note that choosing threshold ​v​ itj​ 

pk​ is equivalent to choosing a target peak-calling 
quantity ​q​ it​ T​ ≡ E​[ ​θ​ it​ pk​ ]​​  q ​​( ​v​ itj​ pk​ )​, which is implemented with endogenous error  

​( ​θ​ it​ pk​ − E​[ ​θ​ it​ pk​ ]​ )​​  q ​​( ​v​ itj​ pk​ )​. Importantly, consumers are aware of their inability to hit the 
target precisely and take this limitation into account when making their threshold/
target choice.

B. Plan Choices

We model consumers’ choice between the four most popular pricing plans 
(plans 0–3), comparable AT&T, Cingular, and Verizon plans (Sprint offered no local 
plans), and an outside option which incorporates all other plans. We adopt Ching, 
Erdem, and Keane’s (2009) consideration set model by assuming that consumers 

Choose plan j Choose threshold v⁎
itj

given plan j and
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Figure 5. Model Time Line

Figure 6. Peak Inverse Demand Curve and Calling Threshold
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Bias

δ controls two kinds of overprecision:
Peak consumption type µpk

i

Monthly signals sit and peak taste shocks εpkit

δ = 1 if rational expectations, δ < 1 if overprecision

Michael D. Grubb (Boston College) Behavioral IO May 19, 2022 39 / 51



Identification and Estimation

Michael D. Grubb (Boston College) Behavioral IO May 19, 2022 40 / 51



Identification and Estimation

Overview:
Price sensitivity parameter β: assume call demand same from 9–0PM
as 8–9PM, identify from Plan 0 ($0.11 on-peak, $0 off-peak)

Ignores storability of demand

Beliefs about usage type and variance: initial plan choices
Actual usage shock distribution: usage

Estimate via Maximum Simulated Likelihood

Plan choice mistakes:
Consumers chose overly risky plans

=⇒ δ̂ = 0.38: consumers underestimate the variance of future calling
demand by 62%

Consumers chose overly “small” plans (too few included minutes)
=⇒ b̂1 = −55: consumers underestimate their average peak usage
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C. Counterfactual Simulation Results

Bill-Shock Regulation.—Table 5 shows the results of our endogenous-price coun-
terfactual simulations. Column 1 shows predicted plan prices and welfare outcomes 
under our estimated demand parameters. (These are the prices which were cali-
brated to match publicly available calling plans, which are reported in Table 7 in 
online Appendix A for October 2003.) The model predicts that firms offer a menu 
of three-part tariffs with monthly fees of $42.88, $48.64, and $58.12, corresponding 
allowances of 216, 383, and 623 peak minutes, and the maximum overage rate of 
$0.50 per minute.

Column 2 of Table 5 holds constant the predicted prices from column 1 but 
imposes bill-shock regulation. Holding prices constant, bill-shock alerts help all cus-
tomers reduce overages and also gives 4 percent of customers the comfort to choose 
a smaller plan, as they know that the alerts will protect them from overages. In fact, 
with an overage rate of $0.50 per minute and price sensitivity parameter β = 2.7, con-
sumers stop almost all calling after receiving an alert and pay negligible overage fees. 
Avoided overage charges and smaller plan choices correspond both to reduced bills 
and to reduced calling. Average annual welfare falls by $93 per student because mar-
ginal costs are only $0.02 and, hence, the reduced calling hurts consumers more than 
it lowers firm costs. Reduced bills drive annual firm profits down by $196 per student 
but reduced calling means average annual consumer surplus rises by only $103.

Table 5—Effect of Bill-Shock Regulation and Removing Biases with Endogenous Prices

Biases: Estimates Estimates Estimates δ = 1 No biases
Bill-shock regulation: No Yes (prices fixed) Yes No No

(1) (2) (3) (4) (5)
Plan 1 M 42.88 42.88 39.28 42.32 52.59

Q 216 216 0 0 0
p 0.50 0.50 0.17 0.13 0.07
Share 39 43 26 42 37

Plan 2 M 48.64 48.64 50.66 70.63 69.41
Q 383 383 80 ∞ ∞
p 0.50 0.50 0.12 N/A N/A
Share 38 36 23 46 52

Plan 3 M 58.12 58.12 68.23
Q 623 623 540
p 0.50 0.50 0.12
Share 14 11 40

Outside good share 10 10 12 11 11
Usage 240 199 239 262 288
Overage revenue 223 2 152 136 75

Annual profit 501 305 509 512 512
Annual consumer welfare 903 1,006 870 884 907
Annual total welfare 1,404 1,311 1,379 1,396 1,419
Δ annual profit −196 7 11 11
Δ annual consumer welfare 103 −33 −19 4
Δ annual total welfare −93 −26 −8 15

Notes: All welfare and profit numbers are expressed in dollars per customer per year. Because the counterfactuals in 
columns 4 and 5 produced two-part tariffs, bill-shock regulation has no additional effect. We simulate 10,000 con-
sumers for 12 months.
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Distributional consequences of bill-shock regulation
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high-value calls while those calling more add relatively low-value calls and average  
value falls.

Combining the shift to the outside good with the shift to lower value calls, 
bill-shock regulation lowers annual social surplus by $26 per person. The fact that 
firm profits increase overall reflects the fact that profits per customer increase for 
those that maintain service, in large part from increasing the average monthly fee 
paid. As a result, average annual consumer surplus falls by $33 per person (or 4 per-
cent of the average annual bill).

The $33 reduction in annual consumer surplus from bill-shock regulation reported 
in column 3 of Table 5 is an average effect. The left panel of Figure 8 shows a 
histogram of consumer utility changes due to the regulation. The distribution is 
right-skewed meaning that there is a tail of individuals who benefit substantially. 
Moreover, as we assume consumers are risk neutral, the predicted change in con-
sumer surplus depends on changes in average bills but not on changes in bill dis-
persion. The right panel of Figure 8 shows that bill-shock regulation leads to an 
increase in small overages below $50 but a decrease in large overages above $50. 
Regulators may feel that reducing the incidence of large overages justifies reduced 
market coverage, less efficient calling, and higher firm margins.

Debiasing Consumers.—Turning to columns 4 and 5 of Table 5, we investigate 
the consequences of debiasing consumers. Column 4 shows the effect of eliminat-
ing overconfidence. In column 4, the firm finds it optimal to offer only two two-part 
tariffs: a $0.13 per minute plan and an unlimited talk plan for monthly fees of $42.32 
and $70.63, respectively. Column 5 shows the effect of eliminating all biases (except 
myopic plan choice). In this case, the menu looks similar to column 4 but plan 1 is 
more similar to the unlimited talk plan, having a lower $0.07 rate per minute and a 
higher monthly fee of $52.59.

Comparing pricing in columns 4 and 5 to columns 1–3, notice that three-part tar-
iffs disappear when overconfidence is eliminated—they are only offered to exploit 
overconfidence. Pricing in column 4 can be understood as a response to conditional 
mean bias. Estimated conditional mean bias implies that those who choose plan 1 
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Figure 8. Distributional Consequences of Bill-Shock Regulation

Notes: Left panel: Histogram of changes in consumer utility due to bill-shock regulation. Right panel: Density of 
overage fees with and without bill-shock regulation (excluding atoms at zero).

Perhaps fairness benefits may outweigh the modeled average loss?
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Grubb and Osborne (2015): Conclusions

Assumptions and limitations:
Selected sample and early time period
Parametric model of learning, belief bias etc.
Binding, exogenous $0.50/minute bound on overage rates
Myopic plan choice and static usage demand

But the basic economics are clear:
Firms respond endogenously when consumers are debiased
Reduce exploitative overage fees, but offset through higher monthly
charges and/or reduced minute allowances
Unintended consequences: substitution to outside option
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Thank you!
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