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ABSTRACT 

We examine the existence and identify the sources of advantageous selection in the 

Philippine crop insurance program for corn. A theoretical model is developed to show 

that advantageous selection could be present in crop insurance markets with full and 

partial coverage. The presence and potential sources of advantageous selection is then 

empirically investigated using survey data collected from farmers in the Philippines. 

Out of the many potential sources considered, we find that farm families with fewer 

household members, farmers with higher cognitive ability (as measured through a 

word recall test), farmers that are organization members (e.g., in farm cooperatives, 

civic organizations), and/or farmers with relatively smaller cropped area are all likely 

sources of advantageous selection into the multi-risk insurance coverage offered in 

the Philippines (particularly, for the sample period studied). Policy implications of our 

findings and avenues for future research on advantageous selection are then discussed.     

Keywords: Advantageous selection; Crop Insurance 

JEL Classifications: Q18; Q12; D82 
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Introduction 

Classical models of insurance predict that asymmetric information can lead to a 

positive correlation between insurance coverage and ex post realizations of loss 

(Rothschild and Stiglitz, 1976). One possible explanation for this is the so-called 

adverse selection problem, where more risky individuals are the ones who are more 

likely to purchase insurance or purchase more insurance.1 However, empirical studies 

of various insurance markets including auto, life and long-term care insurance 

generally failed to find the aforementioned positive correlation between insurance 

coverage and realization of loss.2  

 To reconcile the seemingly contradictory results from the classical asymmetric 

information insurance models vis-à-vis the empirical literature, de Meza and Webb 

(2001) developed an alternative theoretical framework where the insureds’ 

informational advantage about their risk type is assumed to be multi-dimensional, as 

opposed to the one-dimensional assumption used in classical models. For example, in 

de Meza and Webb (2001), the informational advantage of the insureds is assumed to 

be two-dimensional – the insured has private information with regards to both his/her 

inherent riskiness and his/her degree of risk aversion. In a partial pooling equilibrium, 

they showed that the insureds who are more risk averse would demand more coverage 

and at the same time have lower risks, i.e., risk aversion causes a negative correlation 

between insurance coverage and realization of loss. This phenomenon is termed as 

“advantageous selection” and factors that cause this phenomenon are called “sources 

of advantageous selection.” On the other hand, the insureds who have higher inherent 

riskiness would demand more coverage and at the same time have higher risks, that is, 

the adverse selection force in classical models would still be at play. As a result, a 

positive correlation between insurance coverage and realization of loss may not be 

observed in the data if the advantageous selection effect strictly dominates the adverse 

                                                             
1 Another possible reason is moral hazard where the insured are more likely to engage in risky activities because 

they have coverage.    
2 These empirical studies include Dionne, Gourieroux, and Vanasse (1998), Chiappori and Salanie (2000), and 

Dionne, Gourieroux, and Vanasse (2001) for automobile insurance markets, Cawley and Philipson (1999) and 

McCathy and Mitchell (2010) for life insurance markets, Davidoff and Welke (2005) for reverse mortgage markets 

and Finkelstein and McGarry (2006) for long-term care insurance markets.           
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selection effect.   

 The goal of this study is to examine the existence and identify the sources of 

advantageous selection in crop insurance. To the best of our knowledge, our paper is 

the first effort to do so. Previous studies of crop insurance markets focused on adverse 

selection and/or moral hazard (See Goodwin (1993), Quiggin, Karagianis, and 

Stanton (1993), Smith and Baquet (1996), Just, Calvin and Quiggin (1999), Makki 

and Somwaru (2001), Garrido and Zilberman (2008), Hou, Hoag, and Mu (2011) for 

studies of adverse selection; and, see Smith and Goodwin (1996), Knight and Coble 

(1997), and Roberts, Key, and O’Donoghue (2006) for studies of moral hazard). There 

have also been empirical studies of advantageous selection in other insurance markets 

(See Finkelstein and McGarry (2006) for an advantageous selection study in the long-

term care insurance market, and Fang, Keane and Silverman (2008) in the Medigap 

insurance market). But to the best of our knowledge there have been no published 

academic studies of advantageous selection in the crop insurance market.    

Identifying sources of advantageous selection in crop insurance has important 

policy implications. Crop insurance is widely regarded as a crucial institutional 

mechanism for improving farmers’ welfare, as well as ensuring food security. 

However, participation rates in crop insurance programs have been consistently lower 

than desired, especially in developing countries such as the Philippines where the 

majority of farmers are still poor (Reyes, Gloria, and Mina, 2015). Once a 

farmer/farm characteristic is identified as a source of advantageous selection, 

premium discounts can potentially be offered to farmers with such a characteristic. 

This would induce more farmers with this characteristic to participate in the crop 

insurance program and at the same time, the actuarial performance of the program 

would increase because these farmers are less risky. With a healthier balance sheet, 

premium rates can then be reduced for other farmers, in order to boost the 

participation rate even further (if desired). Therefore, research in this area can 

integrate previous literature on factors influencing insurance demand (e.g. Santeramo, 

et al., 2016) and studies on insurance ratemaking practice using yield statistics (e.g. 

Atwood, Shaik, and Watts, 2002). As most crop insurance programs worldwide not 
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only aims to improve  participation rates but also enhance financial sustainability, 

the identifying sources of advantageous selection serves both of these aforementioned 

objectives  and,as a result, would greatly improve the overall functioning of these 

crop insurance programs.  

 Using data from a survey of corn farmers in the Philippines, we find that for the 

sample period we study the following charactersitics are sources of advantageous 

selection into a specific multi-risk insurance plan offed in the Philippines (i.e., which 

covers yield losses due to both natural disasters/weather extremes and/or insect 

pests/diseases):, smaller-sized farm households, farmers with higher cognitive ability 

(i.e., as measured through a simple word recall exercise), farmers that are members of 

organizations (e.g., farmer cooperatives, civic organizations, religious organizations), 

and producers with smaller cropped area. There is empirical evidence that these 

characteristics lead to more demand for  multi-risk insurance and, at the same time, 

result in a lower probability of filing a claim. 

 The rest of the paper is organized as follows. The next section describes the 

conceptual/theoretical framework for which our empirical analysis is based. Sections 

three and four introduce the Philippine crop insurance program and our data, 

respectively. Our empirical strategy is detailed in section five. Section six reports and 

discusses the empirical results, and the final section provides some conclusions, future 

avenues of research, and policy implications.    

 

Conceptual Framework: Advantageous Selection in Crop Insurance 

To illustrate advantageous selection within a crop insurance context, we develop a 

simple theoretical model that builds on the work of De Meza and Webb (2001). We 

assume that there are two types of producers, one “bold” and the other one “cautious.” 

The utility functions for the two types of farmers are defined as follows: ����� = ��� + ��;         �
��� = ����，        

where � denotes bold, � denotes cautious, � is the wealth level, and � is a 
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utility function with � > 0, � < 0, and − �� , which implies that these producers 

exhibit decreasing absolute risk-aversion (DARA). The bold type behaves as if they 

had � units more wealth than the cautious type. Therefore, with the same wealth �, 

bold farmers are less risk-averse than cautious farmers. For each farmer, with 

probability ��, there will be no loss during production. With probability 1 − �� , there 

will be a loss of �. The no-loss probability �� is different for different farmers and is 

assumed to be randomly distributed across farmers according to a uniform distribution 

on [0, 1]. Each farmer knows his own ��  when he makes the decision on whether to 

purchase crop insurance. If he purchases insurance and loss occurs, then he will 

receive an indemnity payment of �.3 

 

Case 1: Full Coverage    

With the assumptions above, the expected utility for the representative farmer � 
when he does not purchase insurance can be written as, ������� = ������� + �1 − ������� − ��, 
where �� = � if the farmer is a cautious type and �� = � + � is a bold type.4 His 

expected utility when he purchases insurance is, �������� = ���� − ��, 
where � is the insurance premium. As a result, farmer � will participate in crop 

insurance if ������� < �������� and there is a threshold no-loss probability �̅ 

such that the farmer is indifferent between participating in the crop insurance program 

or not, that is,  ������� = �̅����� + �1 − �̅����� − �� = �������� = ���� − ��.   (1) 

Farmers with no-loss probabilities that are lower than �̅ will purchase crop 

insurance. We are now ready to state the following theorem,   

THEOREM 1 (ADVANTAGEOUS SELECTION WITH FULL COVERAGE): 

The threshold no-loss probability for the cautious type is higher than that of the bold 

                                                             
3 Here, we focus on the full coverage case. The model is extended to the partial coverage case below.   
4 Again, for the purpose of brevity (but without lack of generality), we assume � and � are the same for all 

farmers.  
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type, that is, �̅
 > �̅�. 

PROOF: From (1), we have, 

�̅ = ���� − �� − ���� − ������� − ���� − �� = 1 + ���� − �� − ���������� − ���� − ��. 
Since the premium � is typically a small number compared with wealth ��, the 

equation above can be rewritten as, 

�̅ = 1 − � ���������� − ���� − ��. 
Therefore, we have �̅
 = 1 − � ��� ��� �!�� !"� and �̅� = 1 − � ��� #$��� #$�!�� #$!"�. 
Hence, to prove �̅
 > �̅�, it’s equivalent to prove, 

1 − � �������� − ��� − �� > 1 − � ��� + ����� + �� − ��� + � − ��. 
If we can show that the above inequality holds for a small positive number for 

any �, then it is clear that the inequality will also hold for any positive � (since we 

can divide � into many positive small increments and each time we can move a 

small step from � towards � + � without violating the above inequality). So in the 

rest of the proof, we work with the case where � is a very small positive number. 

When � is small, the above inequality can be rewritten as, �������� − ��� − �� < ���� + ��������� − ��� − �� + �[�′��� − �′�� − ��], 
which can be further simplified to be, 

!��� �#��� !"��� �!�� !"� > !���� ���� � .                          (2) 

Therefore, to prove �̅
 > �̅�, it’s equivalent to proving that inequality (2) holds.   

We now prove (2). Since � is likely to be a very large value compared with � 

(especially in the context of the agricultural sector in most developing countries where 

majority of farmers are in poverty, with a small number of assets),5 it may not be 

reasonable to assume that � is a small number. Instead, we let � = ∑ �)*)+, , where 

each �) is a small positive number. Expression (2) can then be rewritten as: 

                                                             
5 This is especially true in the Philippines where one extreme weather event, such as a major typhoon, would 

make it very difficult for poor farmers in the rural areas to financially recover from the losses associated with this 

weather event (Reyes et al., 2015). This is why one of the goals of the Philippines crop insurance program is to 

ensure farmers’ financial ability to restart their farming business after major losses from natural disasters (which 

can likely wipe out all their assets). A brief background on the Philippine crop insurance program is discussed in 

the next section. 
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−���� + �′�� − �,� − �′�� − �,� + �′�� − �, − �-�…+ �′�� − ��]���� − ��� − �,� + ��� − �,� − ��� − �, − �-�…− ��� − ��> −�������� , 
or  

 
∑ /−�0�)1 + �′0�) − �)12*)+,∑ /�0�)1 − �0�) − �)12*)+, > −�������� .  

where �) = �)!, − ∑ �3)!,3+, , 4 = 2, 3…7 and �, = �. Since each �) is small, we 

have, 

−�0�)1 + �′0�) − �)1�) = −�0�) − �)1, 
and, 

�0�)1 − �0�) − �)1�) = �0�) − �)1. 
Thus, 

−�0�)1 + �′0�) − �)1�0�)1 − �0�) − �)1 = −�0�) − �)1���) − �)� . 
Since -

�����  is a decreasing function, for all 4, we have, 

 
−�0�)1 + �′0�) − �)1�0�)1 − �0�) − �)1 = −�0�) − �)1���) − �)� > −�������� . (3) 

In addition, since � > 0, and �′′ < 0, we also know that, −�0�)1 +
�0�) − �)1 > 0, and �0�)1 − �0�) − �)1 > 0. Therefore, using (3), we have, 

−���� + �′�� − ������ − ��� − �� = ∑ /−�0�)1 + �′0�) − �)12*)+,∑ /�0�)1 − �0�) − �)12*)+, > −�������� . 
This completes the proof of condition (2). 

REMARK: The fact that �̅
 > �̅� means that cautious farmers are more likely to 

purchase crop insurance than bold farmers because they have a higher no-loss 

probability threshold to purchase crop insurance. At the same time, because of the 

uniform distribution assumption, the average no-loss probability for the insured bold 

farmers is �̅�/2, which is smaller than the average no-loss probability for the insured 
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cautious farmers, �̅
/2. As a result, the insured cautious farmers are less likely to 

have a loss than the insured bold farmers. In summary, the cautious farmers are then 

more likely to purchase crop insurance but less likely to experience a loss once 

insured. This type of selection benefits the insurer and hence is called advantageous 

selection. 

 From Theorem 1, we can also derive the following corollary,  

Corollary 1 (WEALTH EFFECT): For the same type of farmers, a farmer with 

lower wealth is more likely to purchase crop insurance. 

PROOF: In Theorem 1, we proved that cautious farmers are more likely to purchase 

crop insurance than bold farmers. By construction, in our model, the bold farmers act 

as if they had more wealth. Therefore, the proof in Theorem 1 can also be used to 

prove farmers with lower wealth are more likely to purchase crop insurance.  

Finally, we have the following Theorem (based on the same model set-up above),  

THEOREM 2 (ADVERSE SELECTION): For two farmers of the same type and 

with the same amount of wealth ��, the one with a lower no-loss probability is more 

likely to purchase insurance and is also more likely to experience a loss if insurance is 

bought. This is called adverse selection in the literature.   

PROOF: Suppose there are two farmers of the same type and with the same amount 

of wealth ��. One farmer has the no-loss probability of �" and the other had the no-

loss probability of �9 with �9 > �". As discussed above, a farmer will purchase 

crop insurance if his no-loss probability is less than threshold probability �̅. Since �9 > �" , we have :;��̅ > �"� > :;��̅ > �9�. Therefore, the farmer with lower no-

loss probability is more likely to purchase crop insurance. The second part of this 

Theorem is trivial. Since �9 > �", by definition, the farmer with a lower no-loss 

probability is more likely to experience a loss if insured. This completes the proof of 

THEOREM 2. 

 

Case 2: Partial Coverage 

In the case above, we assume that insurance coverage is full; that is, if the farmer 

purchases insurance and there is a loss, the amount of loss will be covered by the 
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insurance company with 100% probability. The crop insurance in the Philippines, 

however, as we explain in detail in the next section, only offers partial coverage, 

especially when the farmer only chooses the natural disaster only cover that only 

protects against weather-based losses (i.e., drought, flood). For example, if a farmer 

purchases the natural disaster only cover and there is a loss due to insect pests (rather 

than an explicit weather event), the farmer will not receive any indemnity payments. 

This means that the farmer could actually be worse off than if he had not purchased 

insurance since he paid for the insurance premium and yet did not receive an 

indemnity payment after a loss. The literature on agricultural index insurance has 

discussed this point quite extensively (e.g. Clarke, 2016; Carter, Cheng and Sarris, 

2016) and has shown that allowing this possibility can lead to quite different 

conclusions than models that do not allow for this possibility. Therefore, it is 

interesting to examine whether advantageous selection still exists when the full 

coverage case above is extended to allow for the possibility of partial coverage.  

Formally, assume the expected utility for the representative farmer � when he 

does not purchase crop insurance is the same as before, that is, ������� = ������� + �1 − ������� − ��. 
On the other hand, his expected utility when he purchases insurance is, ������� = ������ − �� + �1 − ���[<���� − �� + �1 − <����� − � − ��], 
where 1 − < (0 < < ≤ 1) is the basis risk and represents the probability that the loss 

is due to a cause not covered by the insurance purchased. There is a threshold �̅, at 

which this farmer is indifferent between no insurance and natural disaster only cover. 

Moreover, the threshold no-loss probability �̅  satisfies the following equation, 

>̅,!>̅ = ?�� @!A�#�,!?��� @!A!"�!�� @!"��� @�!�� @!A� .               (4) 

We are now ready to state the following theorem.   

THEOREM 3 (ADVANTAGEOUS SELECTION WITH PARTIAL 

COVERAGE): The threshold no-loss probability for the cautious type is higher than 

that of the bolder type, that is �̅
 > �̅�, when γ > <∗ where:  
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<∗ = 1 − D E�′�$# !A�!�′�$# !"�F[��$# �!��$# !A�]![��$# !A�!��$# !"�]E�′�$# �!�′�$# !A�FG
D E�′�$# !A�!�′�$# !A!"�F[��$# �!��$# !A�]![��$# !A�!��$# !A!"�]E�′�$# �!�′�$# !A�FG. 

PROOF: It can be seen from (4) that there is a threshold <̅, such that when < < <̅,, 
the numerator of the right hand side (RHS) of (4) is negative, and no such �̅ exists. 

Under this condition, that is, when the basis risk is quite large, farmers are always 

better off without insurance. <̅, is defined implicitly by the following equation,  <̅,��� + � − �� + �1 − <̅,���� + � − � − �� = ��� + � − ��. 
Therefore, the participation threshold �̅ exists only when the basis risk is low enough 

such that < ≥ <̅,. Below we focus on the case where < ≥ <̅,.   

Next, we consider the effect of �  on the participation decision. Recall � 

describes the farmer’s degree of boldness. The larger � is, the bolder the farmer is. 

Taking the derivative of (4) with respect to � yields the following equation,  

I JKLMJKI$ =
E?�′�$# !A�#�,!?��′�$# !A!"�!�′�$# !"�F∗[��$# �!��$# !A�]!N� ,              (5) 

where A = [<��� + � − �� + �1 − <���� + � − � − �� − ��� + � −
��] E�′�� + �� − �′�� + � − ��F and B = [��� + �� − ��� + � − ��]-. Since 

< ≥ <̅, and � < 0, we have A ≤ 0 and B > 0. Let <̅- be the < that satisfies the 

following equation, 

	<̅-�′�� + � − �� + �1 − <̅-��′�� + � − � − �� = �′�� + � − ��. 
Then, when < > <̅-, the numerator of the RHS of (5) can either be negative or 

positive and as a result, 
I JKLMJKI$  can either be positive or negative. On the other hand, 

when < ≤ <̅-, I JKLMJKI$  is non-negative for sure. However, as Corollary 2 below shows, 

I JKLMJKI$  is decreasing in < and 
I JKLMJKI$ |?+, < 0. Therefore, 

I JKLMJKI$ < 0 when < is large 

enough. The <∗ that makes	I JKLMJKI$ = 0 can be further calculated as  
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<∗ = 1 − S �K1−�KS� |<=1
	S2 �K1−�KS�S< 		

= 1− T U�′��+�−��−�′��+�−��V[���+��−���+�−��]−[���+�−��−���+�−��]U�′��+��−�′��+�−��VW
T U�′��+�−��−�′��+�−�−��V[���+��−���+�−��]−[���+�−��−���+�−�−��]U�′��+��−�′��+�−��VW.  

Therefore, when γ > <∗, I JKLMJKI$  is negative and we have �̅
 > �̅�. This completes the 

proof of THEOREM 3.   

REMARK: When <̅, ≤ < ≤ <̅-, the numerator of the RHS of (5) is positive and as a 

result, �̅
 < �̅� . In this case, the more cautious farmers are less likely to purchase 

insurance. It is exactly the situation modeled by Clarke (2016), where the more cautious 

(or the more risk averse) farmers have less demand for insurance. When <̅, ≤ <̅- < < 

or <̅- ≤ <̅, < <, as we show above, the relationship between boldness and participation 

is first positive and then becomes negative as < increases. When the basis risk (1 − γ) 
is low enough such that < > <∗, we have the result that cautious farmers are more likely 

to purchase insurance and there still exists advantageous selection. This non-linear 

relationship between boldness and participation is similar to the hump-shaped 

relationship between coverage and risk-averseness as illustrated by the simulation 

results in Clarke (2016).  

Corollary 2 (BASIS RISK EFFECT ON PARTICIPATION): The expression 
I JKLMJKI$  

is decreasing in < and 
I JKLMJKI$ |?+, < 0.  

PROOF: Taking the derivative of 
I JKLMJKI$  in (5) with respect to < yields the following, 

IX JKLMJKI$I? = ,� YE�′�� + � − �� − �′�� + � − � − ��F [��� + �� − ��� + � − ��] −[��� + � − �� − ��� + � − � − ��] E�′�� + �� − �′�� + � − ��FZ.  

As a result, 
IX JKLMJKI$I? < 0 is equivalent to:  

�′�$# !A�!�′�$# !A!"���$# !A�!��$# !A!"� < �′�$# �!�′�$# !A���$# �!��$# !A� .          (6) 

When � is small compared to � + �, the RHS of (6) can be written as 
����$# !A����$# !A� . 

Therefore, (6) can be rewritten as   

�′�$# !A�!�′�$# !A!"���$# !A�!��$# !A!"� < ����$# !A����$# !A� .                    (7) 
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(7) is equivalent to (2) above with � replaced by � + � − �. Hence, we proved 

I JKLMJKI$  is decreasing in <.  

 Furthermore, 

I JKLMJKI$ |?+, = ,� YE�′�� + � − �� − �′�� + � − ��F [��� + �� − ��� + � − ��] −[��� + � − �� − ��� + � − ��] E�′�� + �� − �′�� + � − ��FZ.   

Therefore, 
I JKLMJKI$ |?+, < 0 is equivalent to 

�′�$# !A�!�′�$# !"���$# !A�!��$# !"� <
�′�$# �!�′�$# !A���$# �!��$# !A� , which is (6) above with � replaced by � − �. Hence, we 

proved 
I JKLMJKI$ |?+, < 0.  

REMARK: The discussion and proof for Corollary 2 above indicates that as basis 

risk (1 − γ) becomes smaller, cautious farmers find the crop insurance coverage 

increasingly attractive. 

 Before we turn to the empirical analysis to test the behavioral predictions above, 

it is worth noting that although we term the two types of farmers in our theoretical 

model as cautious and bold, cautiousness is not the only possible source of 

advantageous selection. Corollary 1 above clearly shows another source of 

advantageous selection is being less wealthy. In general, as long as a certain 

characteristic makes one type of farmer act as if they are more cautious than the other 

type, the conceptual framework and the proofs above can be applied to show that this 

particular characteristic is a source of advantageous selection. To foreshadow the 

results in the proceeding sections, our empirical analysis suggests that farmers with 

smaller family size, farmers with higher cognitive capacity (as measure by a work 

recall test) , farmers that are members of farm or civic organizations,  and/or  corn 

producers growing smaller tracts of land act as if they are more cautious (particularly 

those that bought the more comprehensive multi-risk coverage). As such, these are 

potentialsources of advantageous selection in the Philippine crop insurance market 

(for the period studied).  With regards to adverse selection, our model is also very 

general in terms of the sources of adverse selection. As long as a specific 

characteristic makes the farmer have a higher loss probability and yet purchase crop 
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insurance (all else equal), this characteristic can be called a source of adverse 

selection.    

 

Empirical Background: The Philippine Crop Insurance Program 

In the Philippines, the agricultural industry has been recognized by the government as 

a vital component to the country’s economic development. Agriculture not only 

provides food and raw materials to other sectors, but also provides employment and 

absorbs a large portion of the working poor. However, high poverty rates are still 

prevalent in many agricultural subsectors (Reyes et al., 2015). Three out of every four 

poor individuals in the Philippines came from agricultural households (Reyes, Gloria 

and Mina, 2015). 

According to the Rural Poverty Report (2011) of the International Fund for 

Agricultural Development (IFAD), adverse weather shocks is the major factor that 

contributes to impoverishment in the Philippines. Farmers could mitigate the impact 

of adverse weather shocks in several ways. They can adopt on-farm strategies to 

alleviate production risks, or purchase crop insurance, which is a recognized 

institutional tool to address shocks in agricultural production. Crop insurance is 

especially beneficial when farmers have been confronted with recent challenges 

imposed by climate change. The Philippines has a tropical maritime climate and it is 

more prone to natural disasters due to extreme weather events, such as floods and 

typhoons. As a result, this country is particularly vulnerable under climate change. 

One adverse weather event can instantly cause severe losses and poor farmers are 

usually unable to recover from these losses (Reyes et al., 2015). These situations give 

rise to the main theme of crop insurance programs in the Philippines, which is to 

make sure that farmers are able to restart production and rebuild their livelihood after 

severe losses.  

 

The Philippine Crop Insurance Corporation (PCIC)   

The crop insurance program in the Philippines is administered by the PCIC, a 

government-owned corporation. PCIC is mandated to provide insurance protection to 
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agricultural producers against natural calamities, such as typhoons, floods, droughts, 

and earthquakes, as well as pests and diseases. It also provides insurance against loss 

of non-crop agricultural assets including machinery and equipment.   

Different from crop insurance in other countries, crop insurance in the 

Philippines is regarded as both a risk management tool for farmers and a credit risk 

reduction mechanism for lending institutions. Crop insurance can be used as surrogate 

collateral when financial assistance is provided to agricultural producers, and farmers 

are required to purchase crop insurance when participating in government-sponsored 

credit programs. Crop insurance is viewed as a mechanism that provides incentives 

for lending institutions to make loans available to producers, especially in 

underdeveloped rural areas (Reyes et al., 2015). 

 

The PCIC Corn Insurance Program 

Corn is one of the two major crops in the Philippines being insured by PCIC (the 

other one being rice).6 As alluded to earlier, there are two types of corn insurance 

offered by PCIC: (1) the natural disaster type, and (2) the multi-risk type. The natural 

disaster type only insures farmers against crop loss caused by natural disasters (or 

naturally-occurring extreme weather events), such as typhoon, flood, drought and 

other natural calamities. The multi-risk type, on the other hand, covers a more 

comprehensive set of risks that includes all disasters covered under the natural 

disaster program, plus losses due to pest infestation and plant diseases.    

 PCIC also classifies corn producers who buy crop insurance coverage into two 

categories: (a) the borrower client, and (b) the self-financed client. The borrower 

client secures a production loan from a formal lending institution, and also purchases 

crop insurance. As mentioned above, formal government-sponsored lending 

institutions typically require purchase of crop insurance for farmers wanting to 

acquire loans from this source. The self-financed client, however, does not have loans 

                                                             
6 The PCIC has seven major insurance product lines: rice, corn, high-value commercial crops (i.e., vegetables and 

fruits), livestock, fishery, non-crop agricultural asset, and term insurance packages. 
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from formal sources and only purchases crop insurance from PCIC.7      

The insurance coverage (i.e., the liability amount) for corn is primarily 

determined based on the total cost of production inputs, as indicated in the Farm Plan 

and Budget that the farmers are required to submit upon application. The farmer also 

has the option to include an additional cover amount of up to 20% of the value of the 

expected yield, with the approval of the PCIC. As for its price, Reyes et al. (2015) 

point out that premium rates for corn insurance in the Philippines are largely based on 

historical data on damage rates (i.e., the ratio of indemnity to liabilities, which is also 

called the loss cost ratio) at the provincial level. Premium rates for the corn insurance 

product vary depending on: geographical location (i.e., different rates for different 

provinces), the type of insurance cover (natural disaster vs. multi-risk), and cropping 

season (wet vs. dry). Provinces are typically classified as low, medium or high risk 

depending on historical damage rates. Premium rates are higher for multi-risk cover 

(as compared to the natural disaster only cover) because it covers losses from pest and 

diseases in addition to losses from extreme weather events. Wet season cropping is 

also associated with higher premium rates (relative to the dry season cropping) 

because wet season is when typhoons and floods usually occur. It should be noted, 

however, that PCIC premium rates have not been regularly updated over time (Reyes 

et al., 2015, p. 42). Since 1981, premium rates charged to farmers were only updated 

once in 2005. 

When a loss event occurs due to a covered cause of loss, farmers need to file a 

Notice of Loss to the PCIC regional office. A team of adjusters will then verify the 

claim and only a loss over 10% of the expected yield would make the insured farmers 

eligible for indemnity payments. The insurance policy pays out indemnity in 

proportion to the percentage of loss due to specific insurable causes (as specified by 

the adjuster). For example, if the realized yield is just 70% of the expected yield for a 

farmer who insures the input cost (the minimum coverage required by the PCIC), then 

                                                             
7 It is important to note that there are cases where corn producers are classified by PCIC as “self-financed,” but in 

reality these “self-financed” producers may also have production loans from informal lenders that require them to 

buy crop insurance (Reyes et al., 2015). It may be the case that this type of corn producers have had a bad credit 

history such that it would be difficult for them to get operating loans from formal sources even with crop 

insurance.     
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the indemnity payments will be equal to 30% of the input costs. In this case, the 

farmer’s net income would be the total revenues from selling 70% of expected yield 

less 70% of the input costs (i.e., since 30% of input costs is paid back as indemnity).   

 

Data 

The data set used in this study comes from a farm-level survey conducted in 2013 

under a program called “Improving the Agricultural Insurance Program to Enhance 

Resilience to Climate Change.” This program was administered by the Southeast 

Asian Regional Center for graduate study and research in agriculture (SEARCA). 

This survey covers three major corn growing provinces in the Philippines: Isabela, 

Pangasinan and Bukidnon. Farm households were selected using the multi-stage 

stratified random sampling approach. Two municipalities from each province were 

chosen with the criteria of larger areas devoted to corn production and larger numbers 

of producers enrolled in PCIC corn insurance program. The data on corn production 

and number of insurance enrollees were obtained from the Philippine Bureau of 

Agricultural Statistics (BAS) and PCIC, respectively. In each sampled municipality, 

two villages with the largest numbers of insured farmers were chosen, and then, corn 

farmers in each village were stratified into insured and non-insured for the wet season 

(June-December) of the year 2012. The list of insured corn farmers was provided by 

PCIC and the list of non-insured farmers were obtained from village heads. In each 

stratum, 213 farmers were chosen randomly and a total of 426 corn producers were 

surveyed. The questionnaire elicits a wide range of farmers’ information including the 

farmer’s demographic background, socio-economic conditions, inputs used 

(specifically for the 2012 wet season), farming and management practices, and some 

psychometric measures (such as risk-averseness). Nine farmers who stated they were 

just paid caretakers were dropped from the sample, because they did not make 

insurance purchase decisions. Three farmers said they had private or own insurance 

and did not purchase the natural disaster or multi-risk cover provided by PCIC, so 

these farmers were dropped as well.   
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Empirical Strategy 

Estimation Procedure 

We build on Finkelstein and McGarry (2006)’s approach in developing the estimation 

strategy. They estimated two probit models to find possible sources of advantageous 

selection in the long-term care insurance market. One probit model uses insurance 

purchase as the dependent variable (i.e., the insurance demand equation), and the 

other one uses the number of times medical services were used as a proxy for risk 

occurrences (i.e., the loss equation). Conditional on risk classification (as determined 

by the insurer), if an independent variable is found to be positively correlated with 

insurance purchase and negatively correlated with the number of times medical 

services were used, Finkelstein and McGarry (2006) suggest that this variable is a 

source of advantageous selection, because the person with this feature tends to buy 

insurance, but also has a lower risk level.  

In the crop insurance context, a risk occurrence means an insured farmer files a 

valid claim and gets indemnity payments. Therefore, we use this variable as our main 

risk measure (i.e., analogous to the medical service frequency variable in Finkelstein 

and McGarry (2006)) and estimate the following probit model for our loss equation,  

:;0�[\\� = 1|]�, 	;�\^	_`a\\�b�_ac�[7�1 = 

Ф0�� + �,]� + �-;�\^	_`a\\�b�_ac�[7�1,     (7) 

where �[\\� is set to be 1 if farmer � received indemnity payments in the wet 

season of 2012 and 0 otherwise, ]� represents farmer �’s socioeconomic 

characteristics variables, ;�\^	_`a\\�b�_ac�[7�  is farmer �’s risk classification level 

as determined by the insurer, and Φ�∙� denotes the standard normal cumulative 

distribution function.  

 As it is impossible for uninsured farmers to receive indemnity payments, equation 

(7) can only be estimated for a selected sample, that is, the insured sample only (i.e., 

the non-insured farmers are not considered). Therefore, straightforward probit 

estimation of (7) will lead to inconsistent and biased parameter estimates if this 

selected sample is not accounted for. To correct for the sample-selection problem in 
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(7), we use the maximum-likelihood probit model with sample selection approach 

developed by Van de Ven and Van Pragg (1981) and described in detail in Wooldridge 

(2010, pp. 813-814). The probit model with sample selection extends the basic 

Heckman sample selection model (Heckman, 1979) to the case where the main 

equation of interest (equation (7) in our case) is a probit (with a binary dependent 

variable) rather than a linear one (with a continuous dependent variable). The 

selection equation in this case is specified as,    

:;0�7\g;a7_h� = 1|]�, 	;�\^	_`a\\�b�_ac�[7� , i�1 = 

Ф0<� + <,]� + <-;�\^	_`a\\�b�_ac�[7� +	<ji�1,      (8)                                      

where �7\g;a7_h� is a dummy variable indicating whether farmer � is insured or 

not and i� are variables that affect the insurance decision, but are excluded from the 

loss equation (7). The sample selection bias arises when the two standard normally 

distributed random errors underlying (7) and (8) are correlated with correlation 

coefficient k.    

Normally, one can directly use equations (7) and (8) to consistently estimate an 

insurance loss equation that would help determine the sources of advantageous 

selection. However, as discussed in the previous section, our crop insurance setting is 

slightly more complex given that there are two types of coverage offered in the 

Philippine crop insurance market – the natural disaster only coverage and the multi-

risk coverage. Therefore, equations (7) and (8) need to be adjusted to account for 

these two coverage choices (and the subsamples they represent). For the natural 

disaster only subsample, �[\\�  is replaced by �[\\�a\�_� in equation (7), which 

denotes whether farmer � received indemnity payments under this basic natural 

disaster only cover in 2012, and �7\g;a7_h� is replaced by �a\�_� in the selection 

equation (8), denoting whether farmer � held the natural disaster only cover or not. 

Similarly, for the multi-risk subsample, �[\\� is replaced by �[\\lg`c��, which 

denotes whether farmer � received indemnity payments under this type of insurance 

in 2012, and �7\g;a7_h� is replaced by lg`c��, denoting whether farmer � held the 

multi-risk cover insurance or not. Hence, we essentially have two loss equations (with 
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sample selection corrections) to be estimated, representing the natural disaster only 

insurance choice and the multi-risk insurance choice: 

:;0�[\\�a\�_� = 1|]�, 	;�\^	_`a\\�b�_ac�[7�1 = 

Ф0�� + �,]� + �-;�\^	_`a\\�b�_ac�[7�1,       (7a) 

:;0�a\�_� = 1|]� , 	;�\^	_`a\\�b�_ac�[7� , i�1 = 

Ф0<� + <,]� + <-;�\^	_`a\\�b�_ac�[7� +	<ji�1,     (8a) 

and, 

 :;0�[\\lg`c�� = 1|]�, 	;�\^	_`a\\�b�_ac�[7�1 = 

Ф0�� + �,]� + �-;�\^	_`a\\�b�_ac�[7�1,       (7b) 

:;0lg`c�� = 1|]�, 	;�\^	_`a\\�b�_ac�[7� , i�1 = 

Ф0<� + <,]� + <-;�\^	_`a\\�b�_ac�[7� +	<ji�1.     (8b) 

Once the loss equations in (7a) and (7b) are consistently estimated, the 

corresponding insurance demand equations for both the natural disaster only and the 

multi-risk coverage needs to be estimated as well. Ordinarily, the selection equations in 

(8a) and (8b) above are suitable candidates for the insurance demand equations to 

identify sources of advantageous selection. However, the fact that insured farmers in 

the Philippines include both: (1) farmers who were required by lenders to purchase crop 

insurance, and (2) farmers who would voluntarily purchase insurance (even if not 

required by lenders),, presents an empirical challenge when it comes to estimating the 

proper insurance demand equation for identifying sources of advantageous selection. 

Thus, we leverage one question in our survey to overcome this hurdle.  

Specifically, one question in our survey asks “Would you have bought insurance if 

you were not required by the lender to purchase it?” Farmers who answered “yes” to 

this question are those who had true demand for crop insurance, while farmers who 

answered “no” to this question were “forced” to purchase the crop insurance because 

of lender requirements. Therefore, further adjustments were made to the dependent 

variables of equations (7b) and (8b) above to determine the “true” natural disaster only 
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and multi-risk insurance demand equations, respectively. The variable �a\�_� in (8a) 

is replaced with mha`�a\�_�, where this variable is set to be 1 if the insured farmer � 
purchased the natural disaster only insurance as well as answered “yes” to the question 

on the true demand for crop insurance (	mha`�a\�_� = 0 otherwise). Similarly, the 

variable lg`c��, is replaced with mha`lg`c��, where this variable is set to 1 if insured 

farmer �  purchased the multi-risk cover and answered “yes” to the true insurance 

demand question(mha`lg`c�� =  0 otherwise). Given these adjustments, the true 

insurance demand equations estimated for the natural disaster only and multi-risk crop 

insurance are as follows:  

:;0mha`�a\�_� = 1|]�, 	;�\^	_`a\\�b�_ac�[7� , i�1= 

Ф0n� + n,]� + n-;�\^	_`a\\�b�_ac�[7� + nji�1,        (9a) 

:;0mha`lg`c�� = 1|]�, 	;�\^	_`a\\�b�_ac�[7� , i�1= 

Ф0<� + o,]� + o-;�\^	_`a\\�b�_ac�[7� + oji�1.        (9b) 

In summary, to identify the possible sources of advantageous selection into the natural 

disaster only cover, we first estimate equations (7a) and (8a) using maximum 

likelihood probit with sample selection and then separately estimate equation (9a) 

using a traditional probit estimation approach. In addition, to determine the possible 

sources of advantageous selection into multi-risk crop insurance in the Philippines, we 

estimate equations (7b) and (8b) again using maximum likelihood probit with sample 

selection. Equation (9b) is also separately estimated using a traditional probit 

estimation approach. Variables in vector ]� that are negatively correlated with �[\\�a\�_� (in equation (7a)) and at the same time are positively correlated with mha`�a\�_� (in equation 9a) are sources of advantageous selection into the natural 

disaster only insurance. Moreover, cariables in vector ]� that are negatively 

correlated with �[\\lg`c�� (in equation (7b)) and at the same time are positively 

correlated with mha`lg`c�� (in equation (9b)) are sources of advantageous selection 

into the multi-risk crop insurance.  
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Variables and Summary Statistics 

As mentioned earlier, crop insurance premium rates only vary by province in the 

Philippines as they reflect the inherent risks in each province. Therefore, we use the 

province dummies as the main risk classification variables. Province dummy variables �\aph`a�  and	:a7qa\�7a7� are included in both the loss and the insurance demand 

equations, with the Bukidnon province dummy as the omitted category. Since 

premium rates only vary by location in our data, any variable in the vector ]� is a 

potential source of selection. Below we discuss the definition of each ]� variable and 

the justifications to include them in the regressions.  

Men and women are different both physically and psychologically, so the gender 

of the farm household’s head (rhs�) can cause differences in many aspects of farming, 

including yield and crop insurance demand.In addition, older farmers are more 

experienced in farming and are typically more confident in coping with farming risks, 

which can then influence yield performance and insurance purchase decisons. This is 

why age (tqh�) is included as a control variable. The number of household members 

(u\vhvph;�� is another variable inclued in the specification. It is possible that 

families with smaller sizes are more careful in farming as they have fewer ways to 

diversify income (i.e., through off-farm work of children or spouse). As a result, given 

the limited potential for income diversification, farmers with smaller household size 

may  opt to have insurance (or purchase higher coverage) as they would like to 

protect their main source of income. 

A cognitive ability indicator, measured through a word recall approach,is 

included as another explanatory variable in our specification. Each respondent was 

asked to repeat a list of ten words, after listening to those words at the beginning and 

at the end of the interview. The total number of words (out of 20) the farmer could 

remember was recorded as his cognitive ability score (�[q7�c�wh�). Farmers with 

high cognitive ability are more likely to adopt new farming technologies and hence 

are less likely to file a claim. Also, producers with high cognitive ability may find the 

insurance purchase process less burdensome and hence are more likely to purchase 

insurance (Reyes et al., 2015).  
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A risk aversion measure (m�\^twh;\h�) is included as another control variable. 

Farmers’ risk preference (or extent of risk aversion) is measured by a hypothetical 

question asking whether they are willing to try a new seed variety that may double their 

yields or cut their yields by several given proportions (20%, 50% and 75%). Those 

farmers who are not willing to try this risky seed even when it has only half chance of 

decreasing their yields by 20% are considered to be the most risk-averse ones, and the m�\^twh;\h� variable is set to be 1 for these farmers. The variable takes the value of 

0 for other farmers. Risk aversion affects yield performance and crop insurance demand, 

because risk-averse farmers may take extra care of their fieds and also purchase 

insurance to minimize uncertainty in their farming income. 

The variable x�\ca7_hm[ay� is the distance between farmer �’s farm and the 

nearest road. Better access to roads allows farmers to take better care of their fields 

and hence losses are less likely to occur. Also, when disasters hit, fields closer to 

roads can receive immediate help while remote fields cannot. Therefore, isolated 

farmer fields that are far away from roads tend to be riskier and farmers may demand 

more insurance in this situation. x�\ca7_h�sc� is farmer �’s distance to the nearest 

extension office. Farmers located closer to extension offices are more likely to receive 

information on both production techniques as well as risk management tools such as 

crop insurance. Therefore, this variable is included in both the loss and crop insurance 

demand regressions.   

Organization membership (z;q�) is equal to 1 if farmer � is a member of any 

organization, which includes farmers’ organizations, civic organizations, and religious 

organizations. Farmers with broader social networks through organization 

membership are likely to have an informational advantage on production techniques, 

as well as insurance products, relative to farmers with smaller social networks. In 

addition, corn insurance in the Philippines allows farmers to purchase crop insurance 

as a group (i.e., for members of cooperatives), which may then significantly reduce 

the burden of document preparation. Thus, this variable is included in both the loss 

and crop insurance demand equations.  

Land ownership variables are also included. {g``z�7h;� is a dummy variable 
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for whether the farmer has full ownership of the planted lands and :a;cz�7h;� is a 

dummy variable for whether the farmer has partial ownership of the fields. The 

omitted ownership category is for share tenant, leasehold or borrowed lands. Land 

ownership variables are used as explanatory variables for insurance demand in 

previous research (Goodwin, 1993). Furthermore, farmers with partial or full land 

ownership may have very different incentives and risk profiles in production as 

compared to  those without ownership. Therefore, these variables are again included 

in both the loss equation and the insurance demand specifications.     

Total farming area is denoted as t;ha�. It is expected that larger farms are 

associated with more farming assets, so this variable is utilziedd to test the effect of 

wealth on insurance demand and yield performance. zcℎh;�;[�� is set to be 1 if the 

farmer plants other crops aside from corn and 0 otherwise. Whether a farm plants 

other crops or not implies how diversified the farm is. A specialized farmer in corn 

production might be more productive due to specialization. On the other hand, 

farmers who grow other crops face less risk due to diversification. Therefore, 

diversification also influences the insurance demand. For these reasons, this variable 

is included in both the loss and the insurance demand regressions.  

To correct for the sample selection bias in the loss regressions, we also need to 

have several i� variables in equations (8a) and (9a) that affect the likelihood of 

insurance purchase but not the probability of having losses. We believe the following 

three variables are good candidates. The first one is the lagged yield per hectare 

(}�h`y2011�). Goodwin (1993) found the lagged yield is inversely related to 

insurance demand as farmers are more likely to purchase insurance after yield 

shortfalls. Therefore, }�h`y2011�  affects insurance selection in the 2012 crop year. 

However, this variable is not put into the loss equation, because the lagged yield 

performance is used by insurers to establish the benchmark to determine whether a 

loss occurred or not so it is already part of the dependent variable. The second 

variable is whether farmer � ascribes natural disasters, such as flood, typhoon or 

drought, as the main cause of yield loss in 2011 (x�\a\ch;2011�). The farmers whose 

fields were just hit by natural disasters are more likely to purchase insurance in the 
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2012 crop year, but the natural disasters across different years are independent events 

so natural disasters last year are not likely to affect production this year. The third and 

final variable is the amount of credit farmer � got (�;hy�c��. Farmers who borrowed 

a lot were more likely to be required to purchase insurance, while the amount of 

borrowed money had little effect on yield performance. Table 1 lists all the variables 

used in our regressions and their definitions. Summary statistics for all the variables 

are reported in Table 2.  

 

Estimation Results 

The parameter estimates for the “baseline” regressions are presented in the Tables 3. 

The baseline models only include the risk classification variables used by the PCIC, 

which are the province dummies, and do not include the other control vairales in ]� 
(although the vector	i� is included in the sample selection equations). In the baseline 

regressions for the loss occurrence equations, the results from the two types of 

insurance coverages are similar, which shows that province dummies do not 

statistically affect loss probability when selection into insurance is taken into account. 

The exception is that under the multi-risk cover, farmers in Pangasinan are less likely 

to have losses than those in Bukidnon, though the marginal effect is not significant. 

Results from the baseline regression of the insurance demand equations indicate that 

farmers in Pangasinan and Isabela are 10.92% and 16.29%, respectively, more likely 

to have true demand for the natural disaster only insurance (relative to farmers in 

Bukidnon province). Since Isabela was hit by Typhoon Megi in 2010, which is said to 

be the world’s strongest storm that year, this extreme weather experience may help 

explain the higher true demand for this type of crop insurance from farmers in Isabela. 

As for the multi-risk insurance type, farmers in Pangasinan are 6.53% more likely to 

have real demand for this multi-risk coverage than those in Bukidnon, while farmers 

in Isabela have lower real demand for this type of multi-risk coverage than those in 

Bukidnon. Apparently, farmers in Isabela find the natural-disaster-only cover more 

appealing.  

Results from the full regressions, where the vector ]� is included in all of the 
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equations, are reported in Tables 4 and 5. We first discuss Table 4 for the results from 

farmers with the natural disasters only cover. Several findings are worth mentioning. 

First, older farmers are less likely to claim a loss. It is consistent with the idea that 

older farmers are more experienced and are more likely to implement measures that 

can mitigate losses from natural disasters. Farmers with partial ownership of the 

cropped fields are more likely to receive indemnity than those who lease or borrow 

lands from others. Farmers who lease or borrow their lands need to pay rent so are 

more incentivized to take precautionary measures against natural disasters.  

Regarding the insurance demand results, farmers from Isabela are more likely to 

demand the natural disaster only insurance, as they may have fresh memory of the 

typhoon in 2010. Moreover, farmers who borrow more are more likely to have real 

demand for the basic natural disaster only cover, as they are probably under pressure 

to pay back their loans. In sum, given the aforementioned statistically significant 

variables for the natural disaster only insurance, no variable was identified as a source 

of advantageous or adverse selection for this type of insurance in the Philippines.  

We now turn to the multi-risk insurance results in Table 5. There are several 

interesting findings. First, as we expected, the size of a family has an impact on loss 

probability. Larger households are more likely to file and receive a claim. Larger 

households in the Philippines usually have more children and older family members 

to take care of and hence are likely to be less productive. It is also common for some 

children of large farm families (especially poor subsistence ones) to work off-farm 

rather than help on-farm. Second, not surprisingly, farmers with high cognitive ability 

scores are less likely to receive indemnity payments. They likely know more about 

farming techniques and as a result, have good yields. Third, more risk-averse farmers 

are found to be less likely to file a claim. This is probably due to the fact that these 

risk averse farmers tend to be more careful in farming and exert more effort in 

minimizing risks.  

Fourth, farmers who are closer to extension offices are less likely to file a claim, 

possibly because it is easier for them to obtain information on pest and disease 

management from the extension agents. Fifth, farmers that are members of  
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organizations are also less likely to file a claim. The explanation is that farmers may 

be able to get useful information on how to deal with pests and crop diseases from 

other members in the same organization (especially farmer’s organizations). Sixth, we 

also find that farmers who have a larger cropped area are more likely to receive and 

indemnity payment as larger fields might be more difficult to manage.  

We also have some interesting findings from the insurance demand equation. 

First, households with more family members are less likely to purchase the multi-risk 

insurance type. Larger families have more expenses and are likely to find the more 

expensive multi-risk insurance less affordable. Second, farmers with better cognitive 

ability scores are more likely to purchase the multi-risk cover insurance. Farmers with 

higher cognitive ability score may better understand the benefits of this insurance type 

and hence are more likely to purchase it. Third, farmers with organization 

membership have larger demand for this type of insurance. Organizations create 

opportunities for farmers to interact and learn from each other, including knowledge 

on crop insurance. Organization members could also choose to insure their crop as a 

group, which would dramatically reduce the transaction costs associated with 

insurance application. Fourth, the total area of planted fields is negatively correlated 

with insurance demand. For one hectare increase in area of planted fields, farmers are 

1.8% less likely to purchase the multi-risk coverage. This is consistent with our 

Corollary 1 above that wealthier farmers demand less insurance. Finally, as expected, 

farmers who borrow more demand more insurance.    

 Based on the results for the multi-risk  insurance coverage, the smaller size of 

the household, higher cognitive ability scores, organization membership, and smaller 

cropped area are identified as likely sources of advantageous selection in the 

Philippines. Farmers with these traits are more likely to have real demand for the 

multi-risk insurance and at the same time are less likely to file and receive a claim.  

 

Conclusions 

Using data from a survey of 426 corn farmers in the Philippines, we examine the 

existence and identify the sources of advantageous selection in crop insurance. We 
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theoretically show that advantageous selection could occur in crop insurance markets 

with either full or partial coverage (like in the Philippines). Our empirical results 

suggest that smaller household size, higher cognitive ability scores, being a member 

of an organization (e.g., farmers’ organizations, civic organizations, religious 

organizations), and/or cultivating a smaller land area are all potential sources of 

advantageous selection for multi-risk insurance coverage in the particular sample 

period studied.   

Currently, crop insurance premiums only vary by province in the Philippines. 

Our results suggest that PCIC should adopt a more complex procedure for premium 

determination. Based on our empirical results, premium discounts for multi-risk 

insurance could potentially be offered to farmers who exhibit some of the 

characteristics we identified as being a source of advantageous selection . With this 

kind of premium discounts, more farmers of these types will enroll in the program. 

And as these farmers are shown to be less likely to receive an indemnity payment, 

these type of farmers will likely improve the financial balance sheet of the crop 

insurance program.  

The important point in this study is that advantageous selection is a behavior that 

is potentially present in crop insurance markets, and more research is needed (i.e., 

using more detailed multi-site panel data) to more deeply understand different 

possible sources of advantageous selection, as well as the empirical settings for which 

it can exist. Our results also have implications for the agricultural micro insurance 

literature (e.g. Norton et al., 2014). Micro insurance is often part of “holistic” 

agricultural development programs in which complimentary risk reduction activities 

are also put in place. Researchers in this literature have been interested in studying 

how such risk reduction activities, as well as other activities such as farmer groups, 

community savings funds, and microcredit, determine farmers’ demand for insurance. 

Often, these activities are argued to be substitutes for the micro insurance and have 

been identified as factors that can hamper the adoption of micro insurance.  

Our findings suggest a possible new avenue for research in this literature. It is 

worth investigating whether participation in these activities is a potential source of 
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advantageous selection into insurance. For example, a more risk-averse farmer may 

participate in the community savings funds, purchase the micro insurance, and take 

better care of his fields at the same time. If this is the case, then policy makers or 

insurance companies can target their micro insurance products to those farmers who 

are already participants of related activities.          
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Table 1 Definition of Variables 

Variable Unit Definition 

Sample Selection variables 

Basic  =1 if held the natural disaster only cover in 2012, 0 otherwise 

Multi  =1 if held the multi-risk cover in 2012, 0 otherwise 

   
Dependent variables 

LossBasic 
 

=1 if received indemnity payments under the natural-disaster-

only cover in 2012, 0 otherwise 

LossMulti 
 

=1 if received indemnity payments under the multi-risk cover in 

2012, 0 otherwise 

RealBasic 
 

=1 if voluntarily purchased the natural-disaster-only cover, 0 

otherwise 

RealMulti  =1 if voluntarily purchased the multi-risk cover, 0 otherwise 

   
Independent variables 

Isabela  =1 if in Isabela and 0 otherwise 

Pangasinan  =1 if in Pangasinan and 0 otherwise 

Sex  =1 if the household head is male, 0 otherwise 

Age  Age of the household head 

Hsmember  Number of household members 

Cognitive Number of words Number of words recalled from 20 words by the farmer 

RiskAverse  =1 for the most risk-averse farmer and 0 otherwise 

DistanceRoad Km Distance to the nearest road 

DistanceExt Km Distance to the extension office 

Org  =1 if member in any organization and 0 otherwise 

FullOwner  =1 if full owner of the land and 0 other tenure types 

PartOwner  =1 if partial owner of the land and 0 other tenure types 

Area Hectare Total area of planted fields 

OtherCrop  =1 if other crop aside from corn is planted and 0 otherwise 

Yield2011 1000 kg/hectare Reported yield per hectare for 2011 

Disater2011 
 

=1 if ascribed natural disasters as the main cause of yield loss in 

2011 

Credit 10,000 PHP Total amount of loans 
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Table 2 Summary Statistics of Variables 

Variable Obs Mean Std. Dev. Min Max 

Basic 393 0.2316 0.4224 0 1 

Multi 393 0.2595 0.4389 0 1 

LossBasic 91 0.1978 0.4005 0 1 

LossMulti 102 0.4216 0.4962 0 1 

RealBasic 401 0.1047 0.3066 0 1 

RealMulti 401 0.1172 0.3221 0 1 

Sex 399 0.7118 0.4535 0 1 

Age 398 47.6558 11.6707 23 87 

Hsmember 401 4.6110 1.6980 1 10 

Cognitive 400 7.2850 3.4392 0 20 

RiskAverse 401 0.1945 0.3963 0 1 

DistanceRoad 391 0.9419 1.8303 0.0001 20 

DistanceExt 367 12.6396 10.5601 0 50 

Org 401 0.4988 0.5006 0 1 

FullOwner 371 0.5876 0.4929 0 1 

PartOwner 371 0.1078 0.3106 0 1 

Area 394 2.4897 2.3348 0.25 26 

OtherCrop 401 0.5362 0.4993 0 1 

Isabela 401 0.3392 0.4740 0 1 

Pangasinan 401 0.3267 0.4696 0 1 

Yield2011 383 5.1685 2.5307 0 19.2 

Disater2011 401 0.4439 0.4975 0 1 

Credit 400 3.0578 3.6548 0 34.5 
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Table 3 Baseline Results: Socio-demographic Control Variables (Xi) Excluded 

Panel A: Natural Disaster 

Only Cover 

Loss: LossBasic Insurance Demand: RealBasic 

Sample Parameter Marginal Parameter Marginal 

Selection Estimates Effect Estimates Effect 

Isabela 0.8967** -0.3389 -0.0597 0.9541** 0.1629** 

 (-4.71) (-0.36) (-0.26) (-3.80) (-3.75) 

Pangasinan 0.2936 -0.7605 -0.1339 0.6396** 0.1092** 

 (-1.38) (-1.04) (-0.48) (-2.44) (-2.42) 

Yield2011 0.0225     

 (-0.71)     

Disater2011 -0.2145     

 (-1.40)     

Credit 0.0420**     

 (-2.03)     

Constant -1.3471** -0.9457  -1.8830**  

 (-6.02) (-0.63)  (-8.68)  k 0.5057     

 (-0.43)     

N 375 87  401  

 

Panel B: Multi-risk 

Cover 

Loss:LossMulti Insurance Demand: RealMulti 

Sample Parameter Marginal Parameter Marginal 

Selection Estimates Effect Estimates Effect 

Isabela -1.3617** 0.3566 0.1161 -0.7115** -0.1298** 

 (-6.47) (-0.56) (-0.64) (-2.76) (-2.74) 

Pangasinan -0.3380* -0.5981* -0.1947 0.3580* 0.0653* 

 (-1.78) (-1.79) (-1.37) (-1.91) (-1.92) 

Yield2011 0.0233     

 (-0.68)     

Disater2011 0.2294     

 (-1.48)     

Credit 0.1055**     

 (-5.66)     

Constant -0.7389** 0.6057**  -1.1780**  

 (-3.60) (-2.15)  (-8.38)  k -0.6568     

 (-1.30)     

N 375 100  401  

Notes: t statistics in parentheses; ***, **, and * indicate significant at 1 percent, 5 percent, and 10 percent
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Table 4 Full Regression Results for the Natural Disasters Only Crop Insurance 

 Loss: LossBasic Insurance Demand: RealBasic 
 Sample Parameter Marginal Parameter Marginal 
 Selection Estimates Effect Estimates Effect 

Sex 0.2513 0.3684 0.0392 0.1404 0.0228 
 (-1.29) (-0.92) (-0.87) (-0.59) (-0.59) 

Age -0.0081 -0.0427** -0.0045** 0.0011 0.0002 
 (-0.98) (-2.35) (-2.27) (-0.12) (-0.12) 

Hsmember 0.0182 0.0617 0.0066 0.0832 0.0135 
 (-0.35) (-0.56) (-0.54) (-1.34) (-1.35) 

Cognitive -0.0582* -0.04 -0.0043 -0.0484 -0.0079 
 (-1.93) (-0.76) (-0.79) (-1.36) (-1.37) 

RiskAverse -0.0833 -0.3721 -0.0396 -0.1037 -0.0168 
 (-0.39) (-0.70) (-0.66) (-0.35) (-0.35) 

DistanceRoad 0.0566 -0.0182 -0.0019 -0.0063 -0.001 
 (-1.35) (-0.20) (-0.19) (-0.11) (-0.11) 

DistanceExt 0.0023 -0.0074 -0.0008 -0.0111 -0.0018 
 (-0.24) (-0.46) (-0.45) (-0.97) (-0.97) 

Org 0.1234 0.803 0.0854 0.1074 0.0174 
 (-0.63) (-1.58) (-1.41) (-0.46) (-0.46) 

FullOwner -0.0659 0.4269 0.0454 -0.1591 -0.0259 
 (-0.32) (-1.03) (-1.02) (-0.65) (-0.65) 

PartOwner 0.1351 1.1118** 0.1183* 0.303 0.0492 
 (-0.45) (-2.13) (-1.92) (-0.91) (-0.92) 

Area -0.0545 0.138 0.0147 -0.0567 -0.0092 
 (-0.95) (-1.16) (-1.08) (-0.76) (-0.76) 

OtherCrop 0.1838 -0.5327 -0.0567 0.1645 0.0267 
 (-0.81) (-1.07) (-0.99) (-0.60) (-0.60) 

Isabela 0.4645* -0.392 -0.0417 0.8053** 0.1308** 
 (-1.87) (-0.84) (-0.77) (-2.50) (-2.50) 

Pangasinan -0.0179 -0.67 -0.0713 0.0512 0.0083 
 (-0.06) (-1.29) (-1.18) (-0.14) (-0.14) 

Yield2011 0.0493   0.0277 0.0045 
 (-1.21)   (-0.52) (-0.52) 

Disater2011 -0.2512   -0.1975 -0.0321 
 (-1.40)   (-0.87) (-0.87) 

Credit 0.0556**   0.0550** 0.0089** 
 (-2.46)   (-2.02) (-2.04) 

Constant -0.9363 -0.3996  -1.8458**  

 (-1.31) (-0.29)  (-2.13)  k 13.9435     
 (-0.02)     

N 312 59  313  

Notes: t statistics in parentheses; ***, **, and * indicate significant at 1 percent, 5 percent, and 10 percent. 
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Table 5 Full Regression Results for the Multi-risk Crop Insurance 

 Loss: LossMulti Insurance Demand: RealMulti 

 Sample Parameter Marginal Parameter Marginal 
 Selection Estimates Effect Estimates Effect 

Sex -0.3640* -0.3953 -0.0758 -0.093 -0.0117 
 (-1.88) (-1.42) (-1.40) (-0.36) (-0.36) 

Age -0.0119 0.0097 0.0019 -0.0094 -0.0012 
 (-1.36) (-0.71) (-0.71) (-0.80) (-0.80) 

Hsmember -0.0606 0.1678* 0.0322** -0.1863** -0.0234** 
 (-1.08) (-1.96) (-2.02) (-2.40) (-2.45) 

Cognitive 0.0890** -0.0643* -0.0123* 0.1583** 0.0199** 
 (-2.68) (-1.72) (-1.70) (-3.80) (-4.18) 

RiskAverse -0.0284 -0.7641* -0.1466* -0.1326 -0.0166 
 (-0.12) (-1.80) (-1.87) (-0.41) (-0.41) 

DistanceRoad -0.0426 0.0145 0.0028 0.0525 0.0066 
 (-1.04) (-0.31) (-0.31) (-0.90) (-0.91) 

DistanceExt -0.0117 0.0252** 0.0048** 0.0282 0.0035 
 (-1.23) (-2.04) (-2.00) (-1.63) (-1.64) 

Org 1.2359** -1.4404** -0.2764** 1.4370** 0.1804** 
 (-5.44) (-3.66) (-4.57) (-4.27) (-4.51) 

FullOwner 0.1419 -0.4649* -0.0892* -0.0493 -0.0062 
 (-0.66) (-1.65) (-1.65) (-0.18) (-0.18) 

PartOwner -0.0493 -0.1084 -0.0208 -0.555 -0.0697 
 (-0.17) (-0.25) (-0.25) (-1.20) (-1.21) 

Area -0.0351 0.1152** 0.0221** -0.1455 -0.0183* 
 (-0.90) (-2.02) (-2.06) (-1.64) (-1.66) 

OtherCrop -0.5274** -0.3604 -0.0691 0.1652 0.0207 
 (-2.40) (-1.14) (-1.15) (-0.50) (-0.51) 

Isabela -1.3877** 1.3005** 0.2495** -0.6701 -0.0841 
 (-5.53) (-3.91) (-3.90) (-1.48) (-1.49) 

Pangasinan 0.0458 0.5935 0.1139 1.5099** 0.1895** 
 (-0.15) (-1.48) (-1.50) (-3.27) (-3.42) 

Yield2011 0.0338   -0.0152 -0.0019 
 (-0.81)   (-0.25) (-0.25) 

Disater2011 0.0448   0.0388 0.0049 
 (-0.23)   (-0.15) (-0.15) 

Credit 0.1131**   0.0807** 0.0101** 
 (-5.36)   (-2.52) (-2.62) 

Constant -0.7383 0.9007  -2.9323**  

 (-1.00) (-0.99)  (-2.90)  k -13.8137     
 (-0.03)     

N 312 84  313  

Notes: t statistics in parentheses; ***, **, and * indicate significant at 1 percent, 5 percent, and 10 percent. 

 


