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Abstract. In the social Economics field that deals with the Non Profit Organiza-

tions (NPO's), the fund raising is a crucial activity that requires the management 

of a great number of quantitative and qualitative information regarding Donors 

and Contacts (i.e. potential donors). This data is normally stored in a structured 

Data Base (DB) by each NPO, and it is clear that their effective processing by 

Data Science methods significantly improves the performances of the fund rais-

ing campaigns. For this reason, the use of rigorous mathematical methods and 

Decision Support Systems (DSS) has been playing a very important role in this 

context. 

The process of fund raising is very complex and in part different depending 

on the characteristics of each Organization. However, a common important fea-

ture is the role of the Contacts, therefore the method for turning the Contacts into 

actual Donors contextualized in the so called "giving pyramid" is crucial from a 

strategic point of view. Recently a Recommender System (RS) has been proposed 

to optimize the Contacts' management, by computing the similarity of each Con-

tact with respect to the Donors.  

In this contribution, we enhance and complete this model by considering both 

a large DB and two significant extensions of the model, obtaining in this way an 

effective and whole fuzzy RS. With respect to the DB, the availability of infor-

mation is effectively exploited. As for the algorithm, a proper similarity measure 

is defined, based on the specificity of the context. Moreover, a complete estima-

tion of the Contacts’ characteristics is taken into account, by considering not only 

the frequency but the averaged amount of the gift as well, in the context of a non- 

parametric approach. The experimental results show the effectiveness of the pro-

posed system.  

Keywords: fund raising management, similarity measures, fuzzy recommender 

systems, non-parametric estimation. 
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1 Introduction 

A crucial support for NPOs, which operate in the context of Social Economics, is the 

fund raising (FR) activity, in which the resources for the mission of the Association are 

collected, see (Andreoni, 2005), (Rosso, 2004). FR strategies are therefore crucial for 

the achievement of the mission and, specifically, to reaching the goal of the current 

campaign, see (Nudd, 2003), (Sargeant, 2001). Quantitative methods employing DB 

technologies have been studied and developed in the pertaining literature for making 

these strategies more effective, see (Flory, 2001-a), (Flory, 2001-b), (Kercheville, 

2003). The effective use of the information on Donors and Contacts (i.e. potential do-

nors), which is in fact normally managed by an organized DB, is crucial for optimizing 

the resources for the campaign by selecting the most promising Donors/Contacts for 

the considered context. For a few years, the literature in the area of mathematical mod-

els and DSS has dealt with the fund raising problem, determining an evolution, a 

strengthening and a specialization of the proposed methods and algorithms. With re-

spect to the first two objectives, see (Verhaert, 2012), (Barzanti, 2013). Moreover, the 

consideration of the specific NPO's characteristics and their consequences in the mod-

eling process is developed e.g. in (Barzanti, 2009) and (Barzanti, 2012). In these con-

tributions and in the operative literature, see e.g. (Melandri, 2017, p. 7), it is also doc-

umented that the operative word of Associations has been using the results that have 

been achieved in this field. Moreover, in (Moro, 2017) it is showed the analogy between 

the fund raising process and some bank activities and the consequent correspondence 

of the employed methodologies.  

One of the goals of a loyalty campaign is to involve new people in the mission of the 

Association by their first donation. In operational language, the goal is to make some 

Contacts going up from the ground of the so called "giving pyramid", see (Melandri, 

2017), to the first level. From a strategic point of view, it is particularly important that 

a Contact becomes Donor at the first gift request, and therefore it is fundamental to 

solicit the gift in a campaign that is suitable for that Contact.  

In this paper, we focus our attention on such an essential aspect of the fund raising 

process, by determining a recommender system, see (Jananch, 2001), a branch of Arti-

ficial Intelligence1, that identifies the more suitable Contacts to reach in the current 

campaign. In fact, reaching a person obviously has a cost (that depends on the type of 

request) and the budget constraint requires a choice. For this purpose, a suitable simi-

larity measure can be used for matching the profile of the Contacts with the profile of 

all the regular Donors in the Association DB who usually donate for similar campaigns. 

In particular, by using the results obtained in Econometrics (Duncan, 1999), (Lee, 

1999), and more specifically in (Cappellari, 2011), (Duffy, 2007), the variables of the 

personal profile that influence the gift probability are selected.  

The problem of the Contacts' management was before considered in (Barzanti, sub-

mitted), where a first attempt of a recommender system has been implemented. Alt-

hough a relevant effort has been performed for modeling the process, the numerical 

                                                           
1 Refer to (Russell, 2003) for an exhaustive introduction to algorithms and aim of Artificial In-

telligence.  
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experiments were limited to a few Contacts and Donors. Conversely, in the present 

paper we focus on a large structured DB, that implies a relevant improvement of the 

significance of the results. The large amount of information is also exploited by the 

consideration of all the Donors’ historical data, in particular of the gift volume, in ad-

dition to the frequency. This also allows the estimation of an amount for each Contact 

and the completion of the analysis, through the joined computation and elaboration of 

both the significant quantities.  

Moreover, a specific measure of similarity is developed, that takes into account with 

appropriate weights the most relevant variables of the personal profile, which are sig-

nificant for the pertaining literature for measuring the gift probability.  

The numerical experiments are developed with the contribution of ASSIF, the Italian 

fund raiser association, and Philanthropy, a University fund raising research center, that 

ensure the reliability of the proposed approach.  

2 Contacts characterization 

In this Section, we consider the Contacts characterization. In the Subsection 2.1, we 

analyze the similarity between a Donor and a Contact, based on a set of personal data, 

namely the financial situation, the age and the qualification. The most important crite-

rion, the financial situation, is considered as necessary for the similarity, and thus a 

novel similarity function is proposed2. Subsequently, in Subsection 2.2 we compute, 

for each, an estimation of the Contact’s expected gift Volume and Frequency, using a 

non-parametric approach based on the similarity between the considered Contact and 

each Donor in the DB. This non-parametric method is inspired by the Fuzzy Nearest 

Neighbor techniques, see (Aman, 2013), (Keller,1985).  

 

2.1 The personal characterization for Donors and Contacts 

The pertaining literature suggests that the propensity to gift depends on some personal 

parameters, like the financial situation (the most significant), the age, the risk aversion 

and other, see e.g. (Cappellari, 2011) and (Duffy, 2007). In this contribution, among 

others, we consider as most representative the financial situation (Fin), the age (Age) 

and the qualification (Qual), that are: 

 

1) Fin (Real), the global income amount. 

2) Age (real). 

3) Qual (label), with 4 ordered values: P (PhD), B (Bachelor), H (High School), O 

(Other). 

The measure of the other parameters, as for the risk aversion, can indeed be difficult, 

while their influence on the gift attitude can be debatable (for instance, the presence of 

                                                           
2 For general properties and a list of possible similarity measures, the interested reader can refer 

to (Couso, 2013), (Beg, 2009). 
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children can be source of effects of opposite sign). About the possible influence of such 

parameters on the propensity to gift, a future and deeper analysis is advisable, but it is 

beyond the purpose of this contribution. For this reason, in this paper we consider only 

the three most important parameters, Fin, Age, Qual, even if the inclusion of other var-

iables would not change the methodological framework. The Fin parameter is clearly 

the most significant, given that a strong correlation exists among the personal richness 

and the gift probability (and amount). Moreover, this represents a necessary condition, 

given that financial scarcity is normally a serious obstacle for the charity. In absence of 

similarity for Fin between a Donor and a Contact, the entire similarity is null, and can-

not be compensated by high values of similarity between Age and Qual. The personal 

variables can be collected into a vector, and thus the i-th Donor can be represented as 

the vector: 

 

( ) { ( ), ( ), ( ), ( ), ( ), ( )}W i Fin i Age i Qual i f i v i r i
 

 

being (𝐹, 𝑉, 𝜌) the frequency, the (average) volume of past gifts and the statistical ro-

bustness. The reader can refer to (Barzanti, submitted) for a detailed computation of 

(𝐹, 𝑉, 𝜌). The first three components of the vector 𝑊𝑖 are used to compare the i-th Do-

nor with a Contact, using a suitable similarity measure, given that the Contact personal 

data are known. For this purpose, it is convenient to consider a given Contact and, for 

its value of the Fin parameter, to define a fuzzy moving window, centered in the Con-

tact value. The same is done for the Age parameter, but for Fin the amplitude depends 

on the value of the variable itself. Let us define the following moving fuzzy window: 
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 (1) 

 

The fuzzy window for Fin is then defined as follows, given that, for the considered j-

th Contact, is jFin : 

),,,()( jjjjj dcbaMOVxG  , where 

 (1 ),   (1 ),   (1 ),   (1 )j j j ja b c d                (2) 

and 0 < 𝛼 < 𝛽 < 1 define the upper and lower amplitude of the moving fuzzy window, 

both monotonically dependent on the current value of 𝐹𝑖𝑛𝑗 = 𝜆. Then, the Fin similar-

ity between the j-th Contact and the i-th Donor, 𝑆𝑖𝑚𝐹𝑖𝑛(𝑖, 𝑗), is 𝑆𝑖𝑚𝐹𝑖𝑛(𝑖, 𝑗) =
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𝐺𝑗(𝐹𝑖𝑛𝑖). A similar formulation can be applied to the Age parameter, but, in this case, 

the amplitude can be considered as a constant. Thus, if 𝐴𝑔𝑒𝑗 = 𝜇: 

 
),,,()( jjjjj hgfeMOVxH 
 

 ,   ,   ,   j j j je f g h                       (3) 

and 𝑆𝑖𝑚𝐴𝑔𝑒(𝑖, 𝑗) = 𝐻𝑗(𝐴𝑔𝑒𝑖) with 𝛿 < 𝛾. Finally, with respect to the third variable 

Qual, formed by ordered classes, we consider the similarity between two classes as a 

two entries function: 

 ( , ) ( , )j i jSimQual i j L Qual Qual  (4) 

This requires the assessment of 6 parameters (all the possible combinations of two 

different classes). 

Finally, the complete similarity between the Donor j and the Concact i is: 

 
1 2 3

1 2 3

( ( , ) ( , ))
( , ) ( , )i j

SimAge i j SimQual i j
Sim D C SimFin i j

  

  

 


 
 (5) 

where 
1 2 3,  ,     are suitable weights (

1 2 3,  ,  0    , 
1 2 3 1     ). 

 

2.2 Non-parametric estimation of Volume and Frequency 

A possible way to produce a numerical estimation of an unknown distribution from a 

set of data is based on the Nearest Neighbor function approach, see (Keller, 1985), 

(Bhatia, 2010). Roughly speaking, the probability estimation is based on an average 

combination of the occurrences of the items, weighted by the similarity degree between 

each item and the case. In some cases, a kernel function is formed by the set of items 

that are similar to the current case, see (Wand, 1995), (Canestrelli, 2007). The unknown 

probability is estimated using, as conditioning parameters (weights), the kernel-based 

similarities of the case study to each item inside a suitable neighbor. The closer the 

item, the greater the weight, given that more “importance” (credibility) is given to the 

most similar items. In (Fan, 1996), the reader can find a complete and detailed expla-

nation of the kernel-based estimation methods, while in (Keller, 1985) a fuzzy K-Near-

est Neighbor is described. From the quoted literature, if 
1 2{ , ,..., }nB b b b  is a set of 

input vectors (incomplete pattern, see (Giove, 1999)), with corresponding output value

1{ ( ),..., ( )}nY y b y b , the expected value of the probability distribution of an (other) 

item b, conditioned to B, can be computed as: 

 
b B

b B

Sim(a,b) y(b)

E(F)
Sim(a,b)











 (6) 
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We use this formulation to compute both the (expected value of) Frequency and Vol-

ume, using as similarity the function described in Sec. 2.1, corrected by the statistical 

robustness of the Donor. Namely, for the same reason as for the similarity, we give less 

weight to those Donors who are less robust, in the sense that their own history about 

the gifts is limited to few requests (and corresponding answers, if any). Thus, let 

( ),  ( )F j V j be the estimated values of (average) Frequency and Volume of the Contact 

j: 
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i
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 (8) 

Moreover, to avoid a meaningless estimation, we impose that at least K  Donors 

exist, with similarity and robustness greater than a specified threshold, otherwise the 

Contact is classified as undecidable and is inserted in a separated list. Then, if we define 

( ) { ( , ) ( )}SR i Sim i j r i   as the ordered similarities multiplied by the robustness, i.e. 

(1) (2) ... ( )SR SR SR n   , the rule classifies a Contact as undecidable if: 

 
1

( )
K

i

SR i 


  (9) 

being 0   a specified threshold (i.e. 𝜎 = 𝐾). Finally, for all the promising Contacts, 

a proxy of the estimation’s robustness is computed as the sum of all the similarities:  

 
1

( ) ( , ) ( )
n

i

R j Sim i j r i


   (10) 

The considered Contact is thus characterized by the 3-ple: 𝐹(𝑗), 𝑉(𝑗), 𝑅(𝑗). This in-

formation can be used for the Contacts’ evaluation and/or screening, based on the sys-

tem’s User own preferences, and thus constitutes the engine of a Decision Support Sys-

tem in the field of the Non Profit Organizations. The numerical results show the good 

performances of the proposed approach. 
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3 Computational results 

The numerical experiments have been performed in collaboration with ASSIF3 and Phi-

lanthropy Centro Studi4; this way, a real context is considered, in particular with respect 

to the simulated DB construction, implemented by the criteria of the giving pyramid 

for a medium-sized Organization. A SQL Server DB with 10000 Donors and 2000 Con-

tacts is considered, while the system is designed in Visual Basic, using SQL language.  

The Decision Maker (DM) sets up the similarity parameters, with reference to the 

moving fuzzy windows in formulas (2), (3), the assessment required by (4) and the 

weights in (5). The thresholds of undecidability (formula (9)) and robustness are also 

set (see below). Fig. 1 shows the whole graphical interface. 

 

Fig. 1. The user interface 

The parameters are set like in Fig. 1. In particular, notice that, for the undecidability, 

𝐾 is set as (the integer part of) a percentage of the DB’s numerosity and 𝜎 is a specified 

percentage of 𝐾, while for the Donors’ robustness 𝜌, the thresholds are set in terms of 

gifts number, referring to (Barzanti, submitted), as pointed out in Section 2.1. 

The results of the estimated Contacts’ gift Frequencies and Volumes (with reference 

to formulas (7) and (8)) and of the robustness index (Rob) for the estimation (formula 

(10)) are presented in Fig. 2. 

 

                                                           
3   The Italian fund raiser association  
4  Research center on non profit, fund raising and social responsibility operative in the Univer-

sity of Bologna 
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Fig. 2. Rankings of the estimated gift Frequencies and Volumes, with the corresponding robust-

ness index, for the promising Contacts. Number of undecidable Contacts. 

For both the Frequency and the Volume, a ranking of promising Contacts is showed. 

Moreover, the number of undecidable Contacts is exhibited. Note that the DM can 

choose how deep to explore the rankings. 

In Fig. 3, the result of a composite selection query (ordered by Rob) is displayed, 

where those Contacts are selected, that exceed both the two prefixed thresholds by the 

DM, one for each estimated characteristic (Frequency and Volume). For the sake of 

brevity, these Contacts are called “best Contacts”. 

 

 

Fig. 3. The best Contacts 

Notice that the DM can set the thresholds in order to obtain a prefixed number of Con-

tacts to reach (a unit cost is involved, see the Introduction), in this case 300, displayed 

in the Figure with a step of 40, in order to satisfy the budget constraint of the considered 

fund raising campaign.  
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4 Conclusion 

In this paper, we developed an effective recommender system for fund raising manage-

ment, which extends into an actual context a previous approach, by using a large struc-

tured DB. This extension involves a significant improvement of the basic method, by 

considering both a proper similarity measure and the entire available information (in-

cluding the Volume), in the context of a non-parametric approach. The numerical study, 

realized in collaboration with two Italian operative research centers on fund raising, 

gives evidence of the effectiveness of the proposed approach. 
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