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Motivation Lessons Learned from Identification of Models with Incomplete Information



Optimal behavior of agents required to identify the model: Nonlinear Pricing: Optimality of tariff and choices, Perrigne and Vuong (2009).
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Motivation Lessons Learned from Identification of Models with Incomplete Information



Optimal behavior of agents required to identify the model: Nonlinear Pricing: Optimality of tariff and choices, Perrigne and Vuong (2009). Traditional identifying strategies (Exclusion restrictions and IV) work: Test of Common Value: Haile, Hong and Shum (2006); Bidders’ Risk Aversion : Guerre, Perrigne and Vuong (2009, Econometrica) The one-to-one mapping between private information and observed outcome is crucial for identification. → Mapping provided by the FOCs: See Guerre, Perrigne and Vuong (2000, Econometrica), Athey and Haile (2007) for auctions.
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Introduction The Multidimensional Screening Problem:



Heterogeneity in risk preferences in Insurance: Cohen and Einav (2007, AER). → Multidimensional Screening.
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Heterogeneity in risk preferences in Insurance: Cohen and Einav (2007, AER). → Multidimensional Screening. Bunching at the Equilibrium: Rochet and Chone (1998, Econometrica) → No longer a one-to-one mapping between private information and observed outcome. A finite number of contracts usually offered: → Additional Bunching. Identification becomes a new challenge. → FOCs insufficient.
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Introduction How we will proceed?



The repetition of some outcome plays a crucial role → Number of accidents.
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Introduction How we will proceed?



The repetition of some outcome plays a crucial role → Number of accidents. Several data scenarios: 1 2 3 4



Continuum of contracts and full damage distribution. Continuum of contracts and truncated damage distribution. Finite contracts and full damage distribution. Finite contracts and truncated damage distribution.



In cases 3 and 4: exclusion restriction and full support assumption needed.



Aryal, Perrigne & Vuong ()



Identification of Insurance Models



October 2009



4 / 36



Roadmap



A multidimensional screening model of insurance. Identification with a continuum of contracts: (cases 1 and 2) Identification with a finite number of contracts: (cases 3 and 4) Model restrictions. Identification strategies for case 4. Conclusion.
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Model Preliminaries



Rothschild and Stiglitz (1976, QJE ), Stiglitz (1977, RES) Models of Insurance:



Risk: Probability of accident. Risk aversion known and common. Fixed damage. High risk insurees choose high coverage (low deductible).
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Model Preliminaries



Rothschild and Stiglitz (1976, QJE ), Stiglitz (1977, RES) Models of Insurance:



Risk: Probability of accident. Risk aversion known and common. Fixed damage. High risk insurees choose high coverage (low deductible). Insights from Aryal and Perrigne (2009) 1 2



Certainty equivalence can be used to screen insurees. With random damage, deductible independent of damage.
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Model Basic Notations



θ: risk measured as the expected number of accidents. J accidents, with J ∼ P(θ), i.e. pj = Pr[j accidents] = e θ θj /j!.
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θ: risk measured as the expected number of accidents. J accidents, with J ∼ P(θ), i.e. pj = Pr[j accidents] = e θ θj /j!. a: Risk Aversion, Ua (x) = − exp(−ax) (CARA). (θ, a) ∼ F (·, ·) on [θ, θ] × [a, a].
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Model Basic Notations



θ: risk measured as the expected number of accidents. J accidents, with J ∼ P(θ), i.e. pj = Pr[j accidents] = e θ θj /j!. a: Risk Aversion, Ua (x) = − exp(−ax) (CARA). (θ, a) ∼ F (·, ·) on [θ, θ] × [a, a]. Dj : Damage for accident j, Dj ∼ H(·) on [0, d] Dj ⊥ Dj 0 and Dj ⊥ (θ, a). t: premium, dd : deductible.
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Model Certainty Equivalence



Expected Utility with no coverage: V (0, 0; θ, a)



=



p0 Ua (w ) + p1 E[Ua (w − D1 )] + p2 E[Ua (w − D1 − D2 )] + . . .



=



− exp(−aw + θ(φa − 1)),



where φa = E[e aD ] > 1.
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Model Certainty Equivalence



Expected Utility with no coverage: V (0, 0; θ, a)



=



p0 Ua (w ) + p1 E[Ua (w − D1 )] + p2 E[Ua (w − D1 − D2 )] + . . .



=



− exp(−aw + θ(φa − 1)),



where φa = E[e aD ] > 1. Certainty equivalence: e −aCE (0,0;θ,a) = e −aw +θ(φa −1) . s ≡ CE (0, 0; θ, a) = w −



θ(φa −1) . a



s ∼ K (·) on [s, s].
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Certainty Equivalence



θ



s



θ



a



a s s
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Model Certainty Equivalence



Expected Utility with coverage (t, dd): V (t, dd; θ, a) = − exp[−a(w − t) + θ(φ∗a − 1)],



where φ∗a = E[e a min{dd,D} ] =



Aryal, Perrigne & Vuong ()
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Model Certainty Equivalence



Expected Utility with coverage (t, dd): V (t, dd; θ, a) = − exp[−a(w − t) + θ(φ∗a − 1)],



R dd where φ∗a = E[e a min{dd,D} ] = 0 e aD dH(D) + e add (1 − H(dd)) Certainty equivalence with coverage (t, dd): θ CE (t, dd; θ, a) = w − t −
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Model Insurer’s Profit



(



Z E(π)



"Z



max{0, D1 − dd(θ, a)}dH(D1 )



t(θ, a) − p1 (θ)



= Θ×A



#



d 0



d



hZ −p2 (θ)



max{0, D1 − dd(θ, a)}dH(D1 ) 0



d



Z +



) i max{0, D2 − dd(θ, a)}dH(D2 ) − . . . dF (θ, a)



0
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Z E(π)



"Z



max{0, D1 − dd(θ, a)}dH(D1 )



t(θ, a) − p1 (θ)



=



#



d



Θ×A



0 d



hZ −p2 (θ)



max{0, D1 − dd(θ, a)}dH(D1 ) 0



d



Z +



) i max{0, D2 − dd(θ, a)}dH(D2 ) − . . . dF (θ, a)



0



"



Z



Z



#



d



(1 − H(D))dD dF (θ, a).



t(θ, a) − θ



=



dd(θ,a)



Θ×A



Following Aryal and Perrigne (2009) Z



"



Z



s



#



d



t(s) − E(θ|s)



E(π) =
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Model Optimization Problem:



max(t(s),dd(s)) E(π) subject to (IC) and (IR).
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max(t(s),dd(s)) E(π) subject to (IC) and (IR). (IR): CE (t(s), dd(s); θ, a) = s.
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Model Optimization Problem:



max(t(s),dd(s)) E(π) subject to (IC) and (IR). (IR): CE (t(s), dd(s); θ, a) = s. (IC): CE (t(s), dd(s); θ, a) ≥ CE (t(˜s ), dd(˜s ); θ, a), ∀s, ˜s ∈ [s, s]
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Model Optimization Problem:



max(t(s),dd(s)) E(π) subject to (IC) and (IR). (IR): CE (t(s), dd(s); θ, a) = s. (IC): CE (t(s), dd(s); θ, a) ≥ CE (t(˜s ), dd(˜s ); θ, a), ∀s, ˜s ∈ [s, s] (IC) equivalent to : dd 0 (s) = −η(s, a, dd)t 0 (s), ∀s ∈ [s, s],



where η(s, a, dd(s)) =



φa −1 a(w −s)e add(s) [1−H(dd(s))]



since θ =



a(w −s) φa −1 .



The problem can be solved along the path a(s), intersection of (IC) and s.
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Model Optimal Contracts



Solving the Hamiltonian, optimal (t(s), dd(s)) solution of: η(s, a(s), dd(s))E(θ|s)[1 − H(dd(s))] – » K (s) ∂η(s, a(s), dd) 0 1 dd (s) + η 0 (s, a(s), dd(s)) = 1(1) + − k(s) η(s, a(s), dd(s)) ∂dd dd 0 (s) = −η(s, a(s), dd(s))t 0 (s),



(2)



η 0 (·, a(·), dd(·)) : total derivative of η(·, a(·), dd(·)).
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Model Finite Number of Contracts



(t1 , dd1 ) and (t2 , dd2 ), with t1 < t2 and dd1 > dd2 .
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Model Finite Number of Contracts



(t1 , dd1 ) and (t2 , dd2 ), with t1 < t2 and dd1 > dd2 . Insurer’s problem: partition Θ × A into A1 and A2 .
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Model Finite Number of Contracts



(t1 , dd1 ) and (t2 , dd2 ), with t1 < t2 and dd1 > dd2 . Insurer’s problem: partition Θ × A into A1 and A2 . θ(a) = R dd1 dd2



t2 − t1 e aD (1 − H(D))dD



.



Insurer’s Profit: E(π) =



2 X



" νc tc − E[θ|Ac ]



Z



d



# (1 − H(D))dD .



ddc



c=1



with νc = Pr[(θ, a) ∈ Ac ]. (t1 , dd1 , t2 , dd2 ) solution of (8)-(12) in the paper.
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Identification Observables (Data): (t, dd) : Coverage chosen.
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Identification Observables (Data): (t, dd) : Coverage chosen. J: Number of claims (possibly J ∗ only) {D1 , . . . , DJ }: Damages (possibly {D1 , . . . , DJ∗ } only) X : Individual characteristics (age, sex, location, occupation, driving experience, etc. ) Z : Car characteristics (engine type, car value, age of the car, usage, etc.). Structure: [F (·, ·|X , Z ), H(·|X , Z )] Identification Can we recover uniquely the structure from observables?
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Identification Assumptions



F (·, ·|·, ·) has compact support, f (·, ·|·, ·) > 0. H(·|·, ·) has compact support, h(·|·, ·) > 0.
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Identification Assumptions



F (·, ·|·, ·) has compact support, f (·, ·|·, ·) > 0. H(·|·, ·) has compact support, h(·|·, ·) > 0. Assumption 1: 1 2 3



(D1 , . . . , DJ ) ⊥ (θ, a)|(J, X , Z ). (D1 , . . . , DJ )|(J, X , Z ) are i.i.d ∼ H(·|X , Z ). J ⊥ (X , Z , a)|θ with J|θ ∼ P(θ).
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Identification Case 1: Full Damage Distribution (Best Data Scenario) H(·) identified from the damage data on [0, d].
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Identification Case 1: Full Damage Distribution (Best Data Scenario) H(·) identified from the damage data on [0, d]. Exploiting the one-to-one mapping between s and dd: ˜ ≤ dd) = Pr(˜s ≤ s(dd)) = K (s) ⇒ g (dd) = k(s)s 0 (dd). G (dd) = Pr(dd



⇒



G (dd) g (dd)



=



K (s) 0 k(s) dd (s).



Using (1) and (2) give E(θ|dd)(1 − H(dd)) +



» „ « – 0 00 0 G (dd) h(dd) −t+ (dd) a(s) − + t+ (dd) = −t+ (dd), g (dd) 1 − H(dd)



0



where t+ (dd) = t[s(dd)] and t+ (dd) = −1/η(s, a(s), dd(s)).
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Identification Case 1: Full Damage Distribution (Best Data Scenario) H(·) identified from the damage data on [0, d]. Exploiting the one-to-one mapping between s and dd: ˜ ≤ dd) = Pr(˜s ≤ s(dd)) = K (s) ⇒ g (dd) = k(s)s 0 (dd). G (dd) = Pr(dd



⇒



G (dd) g (dd)



=



K (s) 0 k(s) dd (s).



Using (1) and (2) give E(θ|dd)(1 − H(dd)) +



» „ « – 0 00 0 G (dd) h(dd) −t+ (dd) a(s) − + t+ (dd) = −t+ (dd), g (dd) 1 − H(dd)



0



where t+ (dd) = t[s(dd)] and t+ (dd) = −1/η(s, a(s), dd(s)). E(J|dd) = E(θ|s) = E(θ|dd) identified, a(s) identified. Aryal, Perrigne & Vuong ()
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Identification Case 1: Full Damage Distribution



Using the definition of s and (IC) give s=w+
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Identification Case 1: Full Damage Distribution



Using the definition of s and (IC) give s=w+



t 0 (dd)(φa − 1) . a(s)e a(s)dd (1 − H(dd))



⇒ K (·) is identified.
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Identification Case 1: Full Damage Distribution



Using the definition of s and (IC) give s=w+



t 0 (dd)(φa − 1) . a(s)e a(s)dd (1 − H(dd))



⇒ K (·) is identified. Lemma Suppose that a continuum of insurance coverages is offered and all accidents are observed. Under Assumption 1, [K (·), H(·)] is identified.
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Identification Case 1: Full Damage Distribution



Can we recover F (·, ·) from K (·)?
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Identification Case 1: Full Damage Distribution



Can we recover F (·, ·) from K (·)? KEY IDEAS: From the MGF of J|s, we identify MGF of θ|s ⇒ f (θ|s) identified. Thus, f (θ, s) = f (θ|s) × k(s) ⇒ f (θ, a).
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Identification Case 1: Full Damage Distribution



Can we recover F (·, ·) from K (·)? KEY IDEAS: From the MGF of J|s, we identify MGF of θ|s ⇒ f (θ|s) identified. Thus, f (θ, s) = f (θ|s) × k(s) ⇒ f (θ, a). n o MJ|S (t|s) = E[e Jt |S = s] = E E[e Jt |θ, S]|S = s n o n o = E E[e Jt |θ, a]|S = s = E E[e Jt |θ]|S = s n o t = E e θ(e −1) |S = s = Mθ|S (e t − 1|s). using the MGF of the Poisson: e θ(e Aryal, Perrigne & Vuong ()
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Identification Case 1: Full Damage Distribution



Letting u = e t − 1 ⇒ Mθ|S (u|s) = MJ|S (log(1 + u)|s),
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Identification Case 1: Full Damage Distribution



Letting u = e t − 1 ⇒ Mθ|S (u|s) = MJ|S (log(1 + u)|s),



∀u ∈ (−1 + ∞).



Fθ|S (θ|s) is identified.
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Identification Case 1: Full Damage Distribution



Letting u = e t − 1 ⇒ Mθ|S (u|s) = MJ|S (log(1 + u)|s),



∀u ∈ (−1 + ∞).



Fθ|S (θ|s) is identified. „ T :



θ s



«



„ →
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Letting u = e t − 1 ⇒ Mθ|S (u|s) = MJ|S (log(1 + u)|s),
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Fθ|S (θ|s) is identified. „ T :



θ s



«



„ →



θ a



«



„ =



θ w − (θ(φa − 1))/a



f (θ, a) = fθ|S (T



Aryal, Perrigne & Vuong ()
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«
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Identification Case 1: Full Damage Distribution



Letting u = e t − 1 ⇒ Mθ|S (u|s) = MJ|S (log(1 + u)|s),



∀u ∈ (−1 + ∞).



Fθ|S (θ|s) is identified. „ T :



θ s



«



„ →



θ a



«



„ =



θ w − (θ(φa − 1))/a



f (θ, a) = fθ|S (T



−1



«



˛ ˛ ˛ ˛ −1 ˛ ∂T (θ, a) ˛ (θ, a))˛ ˛. ˛ ∂(θ, a) ˛



Proposition Suppose that a continuum of coverage is offered and all accidents are observed. Under Assumption 1, [F (·, ·), H(·)] is identified. Aryal, Perrigne & Vuong ()
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Identification Case 2: Truncated Damage Distribution



A claim is filed only if D ≥ dd ⇒ truncated H(·).
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Identification Case 2: Truncated Damage Distribution



A claim is filed only if D ≥ dd ⇒ truncated H(·). But, full insurance for s, i.e. dd(s) = 0. Lemma Under Assumption 1, H(·) is identified. Similar to Case 1: E(θ|s) 6= E(J ∗ |dd), J ∗ reported number of accidents.
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Identification Case 2: Truncated Damage Distribution



A claim is filed only if D ≥ dd ⇒ truncated H(·). But, full insurance for s, i.e. dd(s) = 0. Lemma Under Assumption 1, H(·) is identified. Similar to Case 1: E(θ|s) 6= E(J ∗ |dd), J ∗ reported number of accidents. J ∗ |(J, dd) ∼ B(J, 1 − H(dd)) by Assumption 1.
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Identification Case 2: Truncated Damage Distribution



A claim is filed only if D ≥ dd ⇒ truncated H(·). But, full insurance for s, i.e. dd(s) = 0. Lemma Under Assumption 1, H(·) is identified. Similar to Case 1: E(θ|s) 6= E(J ∗ |dd), J ∗ reported number of accidents. J ∗ |(J, dd) ∼ B(J, 1 − H(dd)) by Assumption 1. E[J ∗ |dd] = (1 − H(dd))E[θ|dd].



E(θ|dd) is identified despite truncation.
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Identification Case 2: Truncated Damage Distribution



Following a similar argument MJ ∗ |S (t|s)



∗



=



E[e J t |S = s] = E{[H(dd) + (1 − H(dd))e t ]J |S = s}



=



Mθ|S [(1 − H(dd))(e t − 1)|s].



using the MGF of Binomial.
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Following a similar argument MJ ∗ |S (t|s)



∗



=



E[e J t |S = s] = E{[H(dd) + (1 − H(dd))e t ]J |S = s}



=



Mθ|S [(1 − H(dd))(e t − 1)|s].



using the MGF of Binomial. h “ Mθ|S (u|s) = MJ ∗ |S log 1 +



u 1−H(dd)



”˛ i ˛s , ∀u ∈ (−1, +∞).



Proposition Suppose that a continuum of insurance coverages is offered and all accidents are not observed. Under Assumption 1, (F (·, ·), H(·)) is identified.
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Identification A Finite Number of Contracts



Two contracts: {t1 (X , Z ), dd1 (X , Z )}, {t2 (X , Z ), dd2 (X , Z )}.
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Identification A Finite Number of Contracts



Two contracts: {t1 (X , Z ), dd1 (X , Z )}, {t2 (X , Z ), dd2 (X , Z )}. FOCs alone will not allow identification → additional information through (X , Z ).
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Identification A Finite Number of Contracts



Similar data situation as in Cohen and Einav (2007):
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Identification A Finite Number of Contracts



Similar data situation as in Cohen and Einav (2007): A parametric mixture of Poisson for J, F (θ, a) parametarized. Positive correlation between θ and a leading to suboptimal deductibles.



Our specification offers more flexibility. → Nonparametric mixture of Poisson for J → F (θ, a|X , Z ) left unspecified. Key Ideas: Marginal distribution of θ given (X , Z ) is identified as in Case 1. Conditional distribution of a given (θ, X , Z ) identified on the frontier. Use of exclusion restriction and full support assumption to extend the result to any a.
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Identification Case 3: Full Damage Distribution



H(·|X , Z ) is identified on [0, d(X , Z )].
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H(·|X , Z ) is identified on [0, d(X , Z )]. As in Case 1: MJ|X ,Z (t|x, z) = Mθ|X ,Z (e t − 1|x, z) Mθ|X ,Z (u|x, z) = MJ|X ,Z (log(1 + u)|x, z),



∀u ∈ (−1, +∞).



Leading to the identification of Fθ|X ,Z (·|x, z).
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∀u ∈ (−1, +∞).



Leading to the identification of Fθ|X ,Z (·|x, z).  1, if (t1 , dd1 ) chosen or (θ, a) ∈ A1 (X , Z ) Let χ = 2, if (t2 , dd2 ) chosen or (θ, a) ∈ A2 (X , Z ) χ = 1 ⇔ a ≤ a(θ, X , Z ).
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Identification Case 3: Full Damage Distribution



H(·|X , Z ) is identified on [0, d(X , Z )]. As in Case 1: MJ|X ,Z (t|x, z) = Mθ|X ,Z (e t − 1|x, z) Mθ|X ,Z (u|x, z) = MJ|X ,Z (log(1 + u)|x, z),



∀u ∈ (−1, +∞).



Leading to the identification of Fθ|X ,Z (·|x, z).  1, if (t1 , dd1 ) chosen or (θ, a) ∈ A1 (X , Z ) Let χ = 2, if (t2 , dd2 ) chosen or (θ, a) ∈ A2 (X , Z ) χ = 1 ⇔ a ≤ a(θ, X , Z ). Pr[χ = 1|(θ, x, z)] = Pr[a ≤ a(θ, x, z)|θ, x, z].
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Identification Case 3: Full Damage Distribution



Using Bayes rule Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) =



fθ|χ,X ,Z (θ|1, x, z)ν1 (x, z) . fθ|X ,Z (θ|x, z)



with ν1 (x, z) proportion of insurees choosing {t1 (X , Z ), dd1 (X , Z )}.
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fθ|χ,X ,Z (θ|1, x, z)ν1 (x, z) . fθ|X ,Z (θ|x, z)



with ν1 (x, z) proportion of insurees choosing {t1 (X , Z ), dd1 (X , Z )}. How to identify fθ|χ,X ,Z (·|1, x, z)?
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Identification Case 3: Full Damage Distribution



Using Bayes rule Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) =



fθ|χ,X ,Z (θ|1, x, z)ν1 (x, z) . fθ|X ,Z (θ|x, z)



with ν1 (x, z) proportion of insurees choosing {t1 (X , Z ), dd1 (X , Z )}. How to identify fθ|χ,X ,Z (·|1, x, z)? Following Case 1 Mθ|χ,X ,Z (u|1, x, z) = MJ|χ,X ,Z (log(1 + u)|1, x, z),



∀u ∈ (−1, +∞).



→ Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) is identified. How to identify F (·, ·|X , Z ) on Θ(x, z) × A(x, z).
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Identification Case 3: Full Damage Distribution



Assumption 2: 1 2



Exclusion restriction: a ⊥ Z (θ, X ). Full Support Assumption :∀(θ, a, x) ∈ SθaX , there exists z ∈ SZ |θx such that a(θ, x, z) = a.
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Identification Case 3: Full Damage Distribution



Assumption 2: 1



Exclusion restriction: a ⊥ Z (θ, X ).



2



Full Support Assumption :∀(θ, a, x) ∈ SθaX , there exists z ∈ SZ |θx such that a(θ, x, z) = a.



1



⇒ Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) = Fa|θ,X (a(θ, x, z)|θ, x), ∀(θ, x, z).



2



⇒ Fa|θ,X (a|θ, X ) = Fa|θ,X [a(θ, x, z)|θ, x] = Fa|θ,X ,Z [a(θ, x, z)|θ, x, z] because of sufficient variations in a(θ, x, z) due to z.
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Identification Case 3: Full Damage Distribution



Assumption 2: 1



Exclusion restriction: a ⊥ Z (θ, X ).



2



Full Support Assumption :∀(θ, a, x) ∈ SθaX , there exists z ∈ SZ |θx such that a(θ, x, z) = a.



1



⇒ Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) = Fa|θ,X (a(θ, x, z)|θ, x), ∀(θ, x, z).



2



⇒ Fa|θ,X (a|θ, X ) = Fa|θ,X [a(θ, x, z)|θ, x] = Fa|θ,X ,Z [a(θ, x, z)|θ, x, z] because of sufficient variations in a(θ, x, z) due to z.



Proposition Suppose that two coverages are offered and all accidents are observed. Under Assumptions 1 and 2, (F (·, ·|X , Z ), H(·|X , Z )) is identified.
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Identification Case 4: Truncated Damage Distribution



Truncated damage distribution identified on [ddc (X , Z ), d(X , Z )]: Hc∗ (·|X , Z ) =
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H(·|X , Z ) − Hc (X , Z ) , 1 − Hc (X , Z )
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Identification Case 4: Truncated Damage Distribution



Truncated damage distribution identified on [ddc (X , Z ), d(X , Z )]: Hc∗ (·|X , Z ) =



Also π(X , Z ) ≡



Aryal, Perrigne & Vuong ()



h2∗ (D|X ,Z ) h1∗ (D|X ,Z )



=



H(·|X , Z ) − Hc (X , Z ) , 1 − Hc (X , Z )



1−H1 (X ,Z ) 1−H2 (X ,Z )



(3)



is identified.



Identification of Insurance Models



October 2009



28 / 36



Identification Case 4: Truncated Damage Distribution



As in Case 3, since J ∗ |χ = c ∼ B(J, (1 − Hχ (X , Z )) we obtain » „ Mθ|χ,X ,Z [u|c, x, z] = MJ ∗ |χ,X ,Z log 1 +



u 1 − Hχ (X , Z )



«˛ – ˛ x, z . ˛c,



Let θ˜ = θ(1 − H2 (X , Z )) ∼ f˜θ|X ˜ ,Z (·|·, ·).
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Identification Case 4: Truncated Damage Distribution



Mθ|χ,X ˜ ,Z (u|c, x, z)



= =



Mθ|χ,X ,Z (u(1 − H2 (x, z))|c.x.z) i h ( u )|1, x, z , MJ ∗ |χ,X ,Z log(1 + π(x,z) MJ ∗ |χ,X ,Z [log(1 + u)|2, x, z] ,



Mθ|X ˜ ,Z (u|x, z)



=



if c = 1 if c = 2



» MJ ∗ |χ,X ,Z log(1 + +MJ ∗ |χ,X ,Z



– u )|1, x, z ν1 (x, z) π(x, z) [log(1 + u)|2, x, z] ν2 (x, z).



But fθ|X ,Z (·|·, ·) = (1 − H2 (X , Z ))f˜θ|X ˜ ,Z (·|·, ·) ⇒ fθ|X ,Z (·|x, z) identified up to H2 (X , Z ).
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Identification Case 4: Truncated Damage Distribution



˜ X , Z )|θ, ˜ x, z) = As in Case 3: Fa|θ,X a(θ, ˜ ,Z (˜



˜ f˜θ|χ,X ˜ ,Z (θ|1,x,z)ν1 (x,z) ˜ ˜ f˜ (θ|x,z) θ|X ,Z



˜ ⇒ f˜θ|X ˜ ,Z (θ|x, z) identified.
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Identification Case 4: Truncated Damage Distribution
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˜ ⇒ f˜θ|X ˜ ,Z (θ|x, z) identified. ˜ x, z)|θ, ˜ x, z) = Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) Noting Fa|θ,X a(θ, ˜ ,Z (˜ ⇒ Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) identified up to H2 (X , Z ) using A2.
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˜ f˜θ|χ,X ˜ ,Z (θ|1,x,z)ν1 (x,z) ˜ ˜ f˜ (θ|x,z) θ|X ,Z



˜ ⇒ f˜θ|X ˜ ,Z (θ|x, z) identified. ˜ x, z)|θ, ˜ x, z) = Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) Noting Fa|θ,X a(θ, ˜ ,Z (˜ ⇒ Fa|θ,X ,Z (a(θ, x, z)|θ, x, z) identified up to H2 (X , Z ) using A2. Proposition Suppose that two coverages are offered and all accidents are not observed. Under Assumptions 1 and 2, (F (·, ·|X , Z ), H(·|X , Z )) is identified up to H2 (X , Z ).
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Identification Case 4: Truncated Damage Distribution



Lemma Under Assumptions 1 and 2, H2 (X , Z ) is not identified. Intuition: An increase in J compensated by a reduction in (1 − H2 (X , Z )).
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Model Restrictions (Case 4) Observations: [J ∗ , D1∗ , . . . DJ∗ , χ, T , DD, X , Z ] ∼ Ψ(·, . . . , ·).
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Model Restrictions (Case 4) Observations: [J ∗ , D1∗ , . . . DJ∗ , χ, T , DD, X , Z ] ∼ Ψ(·, . . . , ·). Model Restrictions: 1 2 3 4 5



D1∗ , . . . , DJ∗ i.i.d χ, X , Z and D1∗ , . . . , DJ∗ ⊥ J ∗ χ, X , Z . ψD ∗ |χ,X ,Z (·|·, ·, ·) > 0 and π(X , Z ) ⊥ D. Some properties of the MGF of J ∗ |χ, X , Z . Pr [χ = c|θ, x, z)] takes all value in [0, 1] as z varies. FOCs (8)-(12) rewritten in terms of observables.



Aryal, Perrigne & Vuong ()



Identification of Insurance Models



October 2009



33 / 36



Model Restrictions (Case 4) Observations: [J ∗ , D1∗ , . . . DJ∗ , χ, T , DD, X , Z ] ∼ Ψ(·, . . . , ·). Model Restrictions: 1 2 3 4 5



D1∗ , . . . , DJ∗ i.i.d χ, X , Z and D1∗ , . . . , DJ∗ ⊥ J ∗ χ, X , Z . ψD ∗ |χ,X ,Z (·|·, ·, ·) > 0 and π(X , Z ) ⊥ D. Some properties of the MGF of J ∗ |χ, X , Z . Pr [χ = c|θ, x, z)] takes all value in [0, 1] as z varies. FOCs (8)-(12) rewritten in terms of observables.



Restrictions (1) and (2) related to A1 and (4) related to FSA. Comments: Restrictions (1)-(4) can be used test model validity. Restriction (5) can be used to test coverage optimality.
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Identification Strategies of H2 (X , Z ).



1



Parametrization of H(·|·, ·).
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Identification Strategies of H2 (X , Z ).



1 2



Parametrization of H(·|·, ·). Additional data sources: 1 2



E(θ|x, z) or E(θ|χ, x, z) ∀(x, z). E(θ|x0 , z0 ) and θ(X , Z ) = θ.
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Identification Strategies of H2 (X , Z ).



1 2



Parametrization of H(·|·, ·). Additional data sources: 1 2



3



E(θ|x, z) or E(θ|χ, x, z) ∀(x, z). E(θ|x0 , z0 ) and θ(X , Z ) = θ.



Set Identification
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Identification Strategies of H2 (X , Z ).



1 2



Parametrization of H(·|·, ·). Additional data sources: 1 2



3



E(θ|x, z) or E(θ|χ, x, z) ∀(x, z). E(θ|x0 , z0 ) and θ(X , Z ) = θ.



Set Identification Key idea: Bounds on H2 (X , Z ). But unlikely to be informative, i.e. (0, 1). Assumption A3: h(D|x, z) ≤ h[dd2 (x, z)|x, z],



⇒ 0 ≤ H2 (x, z) ≤



Aryal, Perrigne & Vuong ()



∀D ≤ dd2 (x, z), (x, z) ∈ SXZ .



dd2 (x,z)h2∗ (dd2 (x,z)|x,z) 1+dd2 (x,z)h2∗ (dd2 (x,z)|x,z)



≡ B(x, z).
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Set Identification



Bounds for H(·|X , Z ): [H2∗ (·|x, z), H2∗ (·|x, z) + B(x, z)(1 − H2∗ (·|x, z))].



Bounds for Fθ,X ,Z (·|x, z) : ˜˜ F˜θ|X ˜ ,Z [(1 − B(x, z) · |x, z] ≤ Fθ|X ,Z (·|x, z) ≤ Fθ|X ,Z (·|x, z),



˜˜ where F˜θ|X ˜ ,Z (·|x, z) can be obtained from fθ|X ,Z (·|x, z) through its characteristic function.
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Conclusion



Despite bunching f (θ, a) is identified!! Test of coverage optimality. Estimation: See companion paper (in progress). Endogeneizing Z in addition to χ, J and D. Extension to: (i) Other insurance models. (ii) One dimensional adverse selection models with finite contracts. But observations on some repeated outcomes needed.



Aryal, Perrigne & Vuong ()



Identification of Insurance Models



October 2009



36 / 36



























[image: Identification of dynamic models with aggregate shocks ...]
Identification of dynamic models with aggregate shocks ...












[image: Identification in models with discrete variables]
Identification in models with discrete variables












[image: set identification in models with multiple equilibria - CiteSeerX]
set identification in models with multiple equilibria - CiteSeerX












[image: set identification in models with multiple equilibria]
set identification in models with multiple equilibria












[image: Identification of Models of the Labor Market]
Identification of Models of the Labor Market












[image: Identification and Semiparametric Estimation of Equilibrium Models of ...]
Identification and Semiparametric Estimation of Equilibrium Models of ...












[image: Identification of Piecewise Linear Models of Complex ...]
Identification of Piecewise Linear Models of Complex ...












[image: Algebraic Identification of MIMO SARX Models]
Algebraic Identification of MIMO SARX Models












[image: Identification of switched linear state space models ...]
Identification of switched linear state space models ...












[image: pdf-15105\identification-of-continuous-time-models-from-sampled ...]
pdf-15105\identification-of-continuous-time-models-from-sampled ...












[image: Weak Identification of Forward-looking Models in ... - SSRN papers]
Weak Identification of Forward-looking Models in ... - SSRN papers












[image: Identification Issues in Forward-Looking Models ...]
Identification Issues in Forward-Looking Models ...












[image: Identification in Nonparametric Models for Dynamic ...]
Identification in Nonparametric Models for Dynamic ...












[image: Identification in Nonparametric Models for Dynamic ...]
Identification in Nonparametric Models for Dynamic ...












[image: Identification in Discrete Markov Decision Models]
Identification in Discrete Markov Decision Models












[image: Efficient Language Identification using Anchor Models ...]
Efficient Language Identification using Anchor Models ...












[image: Identification of Coulomb Friction-Impeded Systems With ... - IEEE Xplore]
Identification of Coulomb Friction-Impeded Systems With ... - IEEE Xplore












[image: Automatic Speech Codec Identification with ...]
Automatic Speech Codec Identification with ...












[image: Identification of a Nonparametric Panel Data Model with ...]
Identification of a Nonparametric Panel Data Model with ...















Identification of Insurance Models with ...






Optimization Problem: max(t(s),dd(s)) ... Optimization Problem: max(t(s),dd(s)) .... Z: Car characteristics (engine type, car value, age of the car, usage, etc.). Aryal ... 






 Download PDF 



















 779KB Sizes
 2 Downloads
 297 Views








 Report























Recommend Documents







[image: alt]





Identification of dynamic models with aggregate shocks ... 

May 23, 2011 - with an application to mortgage default in Colombia ..... To the best of our knowledge, the literature has not yet established general ..... 8Regular commercial banks had exclusive rights to issue checking accounts ..... effect on the 














[image: alt]





Identification in models with discrete variables 

Jan 9, 2012 - Motivation - Exogeneity assumption relaxed. â€¢ To see the strength of the assumption that cannot be tested. â€¢ Sensitivity analysis Î¸ Î¸ Î¸.














[image: alt]





set identification in models with multiple equilibria - CiteSeerX 

is firm i's strategy in market m, and it is equal to 1 if firm i enters market m, ..... We are now in a position to state the corollary5, which is the main tool in the .... Bi-partite graph representing the admissible connections between observable o














[image: alt]





set identification in models with multiple equilibria 

10. ALFRED GALICHONâ€ . MARC HENRYÂ§. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0 ..... A standard laptop computer requires only a couple of minutes to test 106 values ...














[image: alt]





Identification of Models of the Labor Market 

With any finite data set, an empirical researcher can almost never be ... estimates finite parameter models but the number of parameters gets large with the data.














[image: alt]





Identification and Semiparametric Estimation of Equilibrium Models of ... 

Research in urban and public economics has focused on improving our under- standing of the impact of local public goods and amenities on equilibrium sort- ing patterns of households.1 These models take as their starting point the idea that households














[image: alt]





Identification of Piecewise Linear Models of Complex ... 

The considered system class and the identification problem are motivated by .... system in mode q âˆˆ Q, Xq,0 âŠ† Rn â€“ is the set of initial states of the affine ...... Online structured subspace identification with application to switched linear s














[image: alt]





Algebraic Identification of MIMO SARX Models 

We consider a MIMO SARX model of the form y(t) = nÎ»t. âˆ‘ i=1. Ai Î»t y(t âˆ’ i) + ...... In: IFAC Conference on the Analysis and Design of Hybrid Systems. ... tutorial. European Control Journal (2007). 8. Ragot, J., Mourot, G., Maquin, D.: Paramete














[image: alt]





Identification of switched linear state space models ... 

We consider a Switched Linear System (SLS) described by the following state ...... piecewise linear systems,â€� in Conference on Decision and. Control, Atlantis ...














[image: alt]





pdf-15105\identification-of-continuous-time-models-from-sampled ... 

... apps below to open or edit this item. pdf-15105\identification-of-continuous-time-models-from ... d-data-advances-in-industrial-control-from-springer.pdf.














[image: alt]





Weak Identification of Forward-looking Models in ... - SSRN papers 

Models in Monetary Economics*. Sophocles Mavroeidis. Department of Quantitative Economics, University of Amsterdam, Amsterdam,. The Netherlands (e-mail: ...














[image: alt]





Identification Issues in Forward-Looking Models ... 

the observed inflation dynamics in the data, in order to study the power of the J ... number of researchers to put forward a hybrid version of new and old Phillips.














[image: alt]





Identification in Nonparametric Models for Dynamic ... 

tk. âˆ’ â‰¡ (dt1 , ..., dtk ). A potential outcome in the period when a treatment exists is expressed using a switching regression model as. Ytk (dâˆ’) = Ytk (d tk.














[image: alt]





Identification in Nonparametric Models for Dynamic ... 

Apr 8, 2018 - treatment choices are influenced by each other in a dynamic manner. Often times, treat- ments are repeatedly chosen multiple times over a horizon, affecting a series of outcomes. âˆ—The author is very grateful to Dan Ackerberg, Xiaohong














[image: alt]





Identification in Discrete Markov Decision Models 

Dec 11, 2013 - written as some linear combination of elements in Ï€Î¸. In the estimation .... {âˆ†Ï€Î¸0,Î¸ : Î¸ âˆˆ Î˜\{Î¸0}} and the null space of IKJ + Î²âˆ†HMKP1 is empty.














[image: alt]





Efficient Language Identification using Anchor Models ... 

2Department of Computer Science, Bar-Ilan University, Israel ... Language identification (LID) systems typically try to extract ..... cation confusion error-rates.














[image: alt]





Identification of Coulomb Friction-Impeded Systems With ... - IEEE Xplore 

numerically solving a set of equations with data from just a single limit cycle ... Index Termsâ€”Friction modeling, hybrid systems, limit cycles, relay feedback ...














[image: alt]





Automatic Speech Codec Identification with ... 

detecting the type of speech codec used to generate the signal. The second step uses ... Fig.1 shows a block diagram of the decoding process of a. CELP codec. .... We took speech sentences from the TIMIT database, 100 sen- tences, from 10 ...














[image: alt]





Identification of a Nonparametric Panel Data Model with ... 

Panel data are often used to allow for unobserved individual heterogeneity in econo ..... Suppose Assumption 2.1 and Condition 9 hold for each x âˆˆ X. Then Î³(x).


























×
Report Identification of Insurance Models with ...





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















