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Background context. The retail side of the finance industry is currently undergoing a deep transformation associated to the rise of automation technologies. Wealth management services, which are traditionally associated to the retail distribution of financial investments products, are no stranger to this phenomena.

Specific knowledge gap the work aims to fill . The retail distribution of financial instruments is currently normalized for regulatory purposes but yet remains costly. Documented examples of the use of automation technologies to improve its performance (outside of the classical example of robo-advisors) remain sparse.

Methods used in the study. This work shows how machine learning techniques under the form of classification algorithms can be of use to automate some activities (i.e. client expectations analysis) associated to one of the core steps behind the distribution of financial products, namely client discovery.

Key findings.

Once calibrated to a proprietary data-set owned by one of the leading french productivity tools providers specialized on the wealth management segment, standard classification algorithms (such as random forests or support vector machines) are able to accurately predict the majority of households financial expectations (ROC either above 80% or 90%) when fed with standard wealth information available in most of the database of financial products distributors.

Implications. This study thus shows that classifications tools could be easily embedded in digital journey of distributors to improve the access to financial expertise and accelerate the sales of financial products.

Introduction:

Wealth management revolves around the distribution of appropriate financial products to meet individual households objectives [START_REF] Tilmes | Private banking und private wealth managementdefinitionen und abgrenzungen aus wissenschaftlicher sicht[END_REF][START_REF] Maude | Global private banking and wealth management: the new realities[END_REF][START_REF] Collardi | Private banking: Building a culture of excellence[END_REF]. Those objectives generally revolve around the transmission of wealth across generations, retirement preparation and wealth protection (notably in entrepreneurial contexts). Current wealth management practices currently falls in one of two categories [START_REF] Brunel | Goal-based wealth management in practice[END_REF]. On one hand, a financial advisor can "push" products to customers and attempt to directly sell them a financial instrument. On the other, an advisor can invest time in "pulling" information out of a household representative (referred to as "the client" in the rest of this study) to generate a legal, fiscal and investment(s) advice which generally leads to the sale(s) of financial instrument(s). Despite being more effective when it comes to meeting households' need, this second method is, as of today, time consuming and heavily reliant on human interactions [START_REF] Maude | Global private banking and wealth management: the new realities[END_REF]. If information on household's wealth can be collected rapidly2 [START_REF] Philippon | The fintech opportunity[END_REF][START_REF] Arner | Fintech, regtech, and the reconceptualization of financial regulation[END_REF], the capture of households' objectives still rely on individual discussions between a client and his/her advisor. Besides the generation of a legal, fiscal and investment counsel generally requires several hours of manual preparation by a financial advisor. Given the associated time commitment (i.e. ≈ 1 day) and the usual daily rate of a financial advisor in northern geography (i.e. ≈ 1000$ per day), a proper financial advice comes at least at a cost of 1000$ per household. Advice is, in practice, however not billed to the client as the traditional business model of wealth management consists in being compensated through a commission representing a percentage of the overall asset under management by the advisor. Given that commissions are in the 2% range annually [START_REF] Bazot | Financial consumption and the cost of finance: Measuring financial efficiency in europe (1950-2007)[END_REF][START_REF] Philippon | Harnessing the promise of fintech[END_REF], advisors have to at least collect investments of about 100k$ per household to recoup their own operating costs. This, of course, limits drastically the portion of the population which can benefit from financial counselling. As of today, beneficiaries of such services are indeed the top 5% to 1% (income wise) of households residing in mature geographies 3 . This situation calls for action. On one hand, current demographic trends (notably population ageing) requires households to prepare for retirement on their own as public pensions systems are being reformed and public allowances reduced [START_REF] Organization | Active ageing: A policy framework[END_REF]. This is a well known topic, which is continuously monitored at state levels by means of instruments such as the Survey of Health, Ageing and Retirement in Europe [S.H.A.R.E] (Börsch- [START_REF] Börsch-Supan | A new comprehensive and international view on ageing: introducing the 'survey of health, ageing and retirement in europe[END_REF]. On the other, technological change induces a transformation of the labor structure of mature markets with a rising share of the population being self employed/ contracted (about 15% on average in europe and growing) [START_REF] Hatfield | Self-employment in europe[END_REF]. Those two trends requires more and more individuals to rely on financial advice to acquire the right financial instruments and generally calls for a commoditization of the counsel which is currently only provided today (because too expensive) to portions of the wealthiest part of the population (see [START_REF] Cocca | Potential and limitations of virtual advice in wealth management[END_REF] for a discussion on the potential opportunities and pitfalls of such a transformation).

To address this need, our firm, Manymore (a french financial technology provider4 ) has developed a three steps fully automated system. First, we put at the disposal of households a digital form which enables them to fill in the information pertaining to their wealth (e.g. revenues, expenses, list of assets and debts etc...). Second, a set of classification tools analyse their wealth profile and mimics the discussion the discussion they could have with an advisor to identify their objectives. Finally, wealth information and objectives are compiled by an expert sub-system to generate a written report detailing the best options available to a household in terms of legal, fiscal and investments actions. Links are then provided to specific platforms (e.g. subscription ones) to enable household to act on the recommendations provided by the system. The solution offered by Manymore therefore contributes to preservation of individuals' financial well-being in a context of change and also partakes to the overall transformation of the financial services industry highlighted in a variety of recent literature reviews [START_REF] Vives | The impact of fintech on banking[END_REF][START_REF] Navaretti | Fintech and banking. friends or foes? Friends or Foes[END_REF]EBE, 2017).

In terms of scope, this article will focus on description the classification methods currently used by Manymore to automate client objectives discovery. This will be done in three steps. Fist, a description of the proprietary data available to calibrate the previously mentioned classifiers will be performed. This will go hand in hand with a short methodological review of the classification techniques which were used and compared to shape the final solution. Second, results of the algorithms calibration to the available data will be reviewed. Finally, the limitations of study as well as potential opportunities for future research will be discussed.

Methodology:

Defining households financial objectives:

Households' objectives are normally co-defined with their financial advisors. In order to automate this discovery process, an objectives' referential was required. A panel of independent financial advisors was therefore gathered in 2019 to structure such a standard framework. This resulted in T = 8 main objectives labelled {O1; ...; O8} which could be further broken down in a set of J = 36 goals labelled {O1a; ...; O8c}. Details are displayed in table (4) located in the appendix. The framework was then embedded in Manymore's core solutions. Between 2019 and 2022 it was leveraged by a subset of 509 of its users on a total of N = 993 households. The framework was used to consistently capture households objectives during conversations with their advisor before being fed to Manymore's expert sub-system to generate an automated counsel. This resulted in a data-set where each household n ∈ {1; ....; N} had a rating Y {n, j} ∈ {0; 1} recording its interest according to goal j (Y {n, j} = 1 [resp. 0] indicating that goal j did [resp. not] resonate with household n).

Within the available dataset, households had on average 3.2 (+/-2.1) [resp. 7.9 (+/-6.7)] objectives [resp. goals] each. Besides, the data reported in table (4) shows that the classification system proposed by the panel of experts was relevant as all objectives and goals matched the interest of at least ≈ 10% of households. Results also show that from an objective standpoint, households primary interest was on the topic of wealth transmission [O3] and their expectations first revolved around the optimization of the inheritance rights [O3e] and their real estate wealth tax [O3f]. Conversely their last concern was the optimization of their professional assets [O6]. Finally, the financial objectives recorded for households displayed a certain level of correlation with each other (see table ( 5)). Objectives {O1;O2;O4;O5} exhibited a 40%+ level of correlation, which means that questions of capital accumulation appeared mainly in relation to retirement preparation. All other objectives exhibited a lower level of correlations with each other (i.e. <30%). Similar level of correlations were observed on goals.

The results displayed in table (4) show that households' objectives are mainly linked to a primary goal (e.g. {O1;O1c};{O2;O2a}...) and that sometimes, they express additional needs by specifying secondary goals. As a result, the research undertaken in the context of this article focused on finding means to automatically predict the interest of households for a given objectives (Ox) given the information they provide. Note that, in the future, further refinements could occur to make the system predictive with respect to individuals goals (Oxi).

Construction of the data-set used for prediction purposes:

The features used to predict households interest in a given objectives (Ox) were constructed through a two steps process. First, domain knowledge was extracted from the existing body of literature to pre-select potential features which may explain households' appetite for certain themes. This initial review was then combined with an assessment of the data points available in Manymore's research databases (which are anonymized) to ensure the feasibility of the analysis. This resulted in the collection of three types of data points, which profiles are detailed in this sub-section.

First, demographic information on households' structure was collected. This type of information is indeed known to be correlated to households financial behavior [START_REF] Baker | How financial literacy and demographic variables relate to behavioral biases[END_REF]. Amongst available data-points, the age of the client (a c i ) who requested financial advice for the household i (65 years on average [+/-13]), his/her marital status (m i ) (54% of the households were married), the age of his/her partner (if any) (a p i ) (53 years on average [+/-12]) and the number of children in the household (child i ) (1.7 on average [+/-1.6]) were then collected.

Second, aggregated financial information was collected as income and wealth are known to be determinants of households financial behavior and objectives [START_REF] Perry | Who is in control? the role of self-perception, knowledge, and income in explaining consumer financial behavior[END_REF]. Looking at available data-points; revenues (r i ) [113k$/year on average [+/-132k$/year]] and expenses (e i ) [39k$/year on average [+/-62k$/year]] data for each household i were thus collected from their K.Y.C file (Know your client). Revenue information was also decomposed depending in the individual generating the stream and the decomposition was added to the training data set. Revenues generated by the client (r c i ) were worth on average 81k$/year [+/-121k$/year], whilst revenues generated by clients' partner (r p i ) were worth on average 43k$/year [+/-41k$/year]. The difference between the client revenues and his/her partner (∆ i r = r c ir p i ) was also added to mix and displayed an average of 28k$/year [+/-93k$/year]. Two additional aggregated data-points were also collected in terms of the number of assets (whether physical [e.g. real estate] or financial [e.g. shares]) of the household i (A i ) [7.2 on average [+/-8.1]] as well as the total worth of those assets

(W i ) [1.31M$ on average [+/-2.7M$]].
Third, detailed financial information was collected. Households assets and revenue were indeed decomposed according to to the standard categories in place within Manymore's data collection systems. The underlying idea was that wealth and revenues profiles could share some extra light on individual households behavior [START_REF] Gomes | Household finance[END_REF]. Revenues for a household i were analysed according to five categories, namely professional revenues (r pro i ), movables income (r mov i ), real estate income (r re i ), pensions (r pensions i ) and other revenues (r others i ). Details on this front are presented in table (1) and show that, in the current data-set, most of household revenues came from professional revenues. Similarly assets were decomposed into eight categories aligned with the taxa- tion structure in place in the country on which the data-set was built (i.e. France). Wealth was therefore assessed according to: the level of assets in real estate (A real i ), the level of movable assets (A mov i ), the level of disponibilities (A dispo i

), the level of savings (A savings i ), the wealth in private pension plans (A pension i ), the wealth in life insurance plans A li f e i , the wealth associated to professional assets (A pro i ) and the remaining wealth (A other i

). Details are displayed in table (2) and the associated statistics show that households' wealth is mainly organised around real estate assets. In summary, the data-set used in this study was composed of about 30 input variables (divided according to three main themes). Observations for those variables were available for 900+ households located in France.

Classification algorithms & calibration techniques:

Feature selection techniques. Given the amount of variables that can be extracted or generated (through combination) from the current data-set, feature selection appeared mandatory to avoid potential over-fitting problems and achieve the best prediction/classification performance possible [START_REF] Jović | A review of feature selection methods with applications[END_REF]. Looking back at the literature [START_REF] Chandrashekar | A survey on feature selection methods[END_REF], this type of step is nowadays performed via two main methods: a correlation test [START_REF] Guyon | An introduction to variable and feature selection[END_REF] or a mutual information test [START_REF] Battiti | Using mutual information for selecting features in supervised neural net learning[END_REF]. In this case, both methods were tested and the mutual information yielded the best performance.

Calibration with an imbalanced dataset. Class imbalance is a common theme in machine learning [START_REF] Chawla | Special issue on learning from imbalanced data sets[END_REF] which is known to lead sub-optimal performances when calibrating classification algorithms. Looking back at the statistics displayed in table (4), the current data-set and thus study is no stranger to this phenomena. This is usually tackled through one of three core techniques [START_REF] Provost | Machine learning from imbalanced data sets 101[END_REF]. A first option consists in down-sampling the training data-set (i.e. re-sampling the majority class to make its frequency closer to the rarest class.). Another option consists in up-sampling the training data (i.e. replicating casing from the minority). The third option "ROSE" [START_REF] Menardi | Training and assessing classification rules with imbalanced data[END_REF] consists in the generation of artificial data points.In order to find the most suitable alternative, all three methods were tested and the one yielding the best results was kept. Note that additional alternatives exist (e.g. assigning weights to each class [START_REF] Chen | Using random forest to learn imbalanced data[END_REF] or combining up-and down-sampling [START_REF] Chawla | Smote: synthetic minority over-sampling technique[END_REF]) but were not tested in this study.

Selected algorithms. As highlighted in the recent review of [START_REF] Zhang | An up-to-date comparison of state-of-the-art classification algorithms[END_REF], machine learning techniques dedicated to classification problems are numerous. Yet, two main ones appear to dominate the field, namely random forests [START_REF] Breiman | Random forests[END_REF] [referred to as RF in this rest of this paper] and support vector machines [referred to as SVM in the rest of this paper] ( [START_REF] Cortes | Support-vector networks[END_REF]. Given their prominence, those two algorithms were pre-selected for the purpose of this study. Note that given the non linearity of the classification problem (which was assessed through a Principal Component Analysis on the training data set), the chosen implementation of the SVM techniques relied here on radial/exponential kernels. In addition to RF SVM algorithms, two additional contender techniques were selected amongst the ones known to yield the best performance on real world problems [START_REF] Zhang | An up-to-date comparison of state-of-the-art classification algorithms[END_REF], namely neural networks [START_REF] Abiodun | State-of-the-art in artificial neural network applications: A survey[END_REF] [referred to as NNET in the rest of this paper] and conditional inference trees [START_REF] Hothorn | ctree: Conditional inference trees. The comprehensive R archive network[END_REF] [referred to as CTREE in the rest of this paper].

Results:

Calibration pipeline:

To train and calibrate the selected models, the methodology displayed in figure (1) was used.

To feed the algorithms, the data was first pre-processed. This pre-processing activity consisted in two tasks. Input variables X i (where i refers to the i-th input) where subject to either a log normalization f (.

) (s.t. f (X i ) = log( X i +1 E(X i )+1
) if they the variable was supported in R + or left untouched if it represented a dummy variable ( X i ∈ {0; 1}). Log normalization was, for instance, applied to variables representing the revenue of households or the worth of the real estate assets. Dummy variables representing, for example, the household marital status were left as is.

Once pre-processed, a series of activities occurred to calibrate the selected algorithms for each objective t ({O1; .; Ot; .; O8}). First, the data was divided into a testing and training set, with a {50|50} split. Then the mutual information of each input variable against the output variable (representing the household interest in objective t) (Y (Ot)) was calculated (MI(X i ,Y (Ot))). Input variables were then sorted according to their mutual information score and only the ones in the top 25% percentile were kept and fed to the pipeline. Once filtered, the training data-set was then re-balanced to avoid over-fitting according to a down sampling technique. As seen in table (3), most objectives were either usually important for clients (i.e. O3 on the topic of trans-generational wealth transfers) or rather rare (i.e. O6 on the protection of professional assets).

Once filtered and balanced, the training data-set associated to each objective was fed to the proposed algorithms. Calibration was ensured with a 5 fold cross-validation and its optimization was performed according to the R.O.C criteria. The performance of each algorithm was then assessed (in terms of average ROC and the associated standard deviation observed during the cross validations). An additional step was added to the pipeline in terms of creating a greedy (linear) ensemble model based out of the 4 selected algorithms. Results did however show that an ensemble model did not bring additional predictive power. Note that for each objective several re-sampling techniques were tested and compared (see 2.3). The proposed pipeline was implemented in R and leveraged the Caret Library [START_REF] Kuhn | Building predictive models in r using the caret package[END_REF]. Results are detailed in the following sub-section.

Algorithms performance:

As seen in table (3), random forests did outperform the other methods. Besides the current data proved sufficient to yield good (i.e. ROC ∈ [80%; 90%] ) or even very good (i.e. ROC > 90%+) levels of performance according to standard benchmarks [START_REF] Carter | Roc-ing along: Evaluation and interpretation of receiver operating characteristic curves[END_REF]. Good levels of performance were registered when it comes to predicting the interest of clients for the core wealth management topics of capital accumulation [O1.] (ROC of 85%), tax optimization [O2.] (ROC of 81%), retirement preparation [O5.] (ROC of 85%), assets transfer preparation [O3.] ( ROC of 81.6%). Superior levels of performance (i.e. ROC above 90%) were achieved on the topics of succession [O3.] (ROC of 96%), additional revenue generation [O4.] (ROC of 94%) and on the interest of households for miscellaneous projects [O8.] (ROC of 96%). However, clients interests with respect to relatives protection [O7.] proved more complex to predict as algorithms only displayed here an average ROC of about 70%.

In terms of details, household's interest in capital accumulation [O1.] appears to result from a mixture of a 10+ parameters: household's total revenue (100% importance), client's partner age (92% importance), client's age (85% importance), proportion of liquidity in the household wealth (85% importance), expenses (84% importance), clients revenue (82% importance) etc... No clear cut interpretation pattern perspired, which makes senses as interest in capital accumulation is highly correlated to a host a diverse other topics such as tax optimization [O2.], retirement preparation [O4.] etc.. (see table ( 5)).

The interest of households towards tax optimization [O2.] appears to result from the combination of 8 variables which yield an importance above 75%. The total revenue of the household and its decomposition across the members of the household generated (normalized) importance scores of 100% importance (for the total revenue of the household) and 80% [resp. 57%.](for the revenue of the client [resp. his/her partner]). Households member age proved also important: the age of the client (resp. his/her partner) yielded an importance score of 82% (resp. 80%). Finally, some indications of the household's wealth decomposition were also of use to assess its appetite on the topic. First, the total amount of assets owned by the household had an importance of 76%. Second the proportion of assets of financial nature (76% importance) and the amount of money stored on life insurances (72% importance) proved useful to predict their interest on tax related topics. This appears in line with the idea that older individuals with higher level of revenues (two variables which highly correlates [START_REF] Lazear | Retirement from the labor force[END_REF])) attempt to benefit from tax incentives (i.e. rebates) offered by states to prepare for retirement and the transfer of their assets towards the next generation (through life insurance for instance in the case of France).

To predict households interest towards succession related topics [O3.] the current pipeline initially identified 7 features, 6 of which ended up being used to reach a 80% ROC. The most important features pertained to the level of assets of the household (importance = 100%), followed by the age of the client (65% importance), the amount of capital associated to real estate (57% importance), the age of the client's partner (55% importance), the total amount of wealth (34% importance) and the amount of capital invested in life insurance (20% importance). Here again, results appear to align with the intuition that older and wealthier individuals are more likely to be interested in succession related matters.

Additional revenue generation [O4.] appears to be interesting as a combinations of 6 core parameters: the revenue difference between household's members (100% importance), the total amount of revenue generated by the household (76% importance), its expenses (70% importance), the age of the client's partner (79%), the household's total assets (81% importance) as well as the amount of real estate wealth owned by the household (71% importance). Results on this front are slightly harder to interpret but seem to point towards the idea that households seek to optimize revenue generation through their professional activity or by leveraging real estate to maximize their cash-flow from rents.

When it comes to retirement preparation [O5.], 7 core features were selected by the feature filtering process and only 4 displayed an importance to predict individual interest, namely: the current professional revenue of the household (importance = 100%), the age of the client (resp. his/her partner) (importance = 69% (resp. 59%)) and the total revenue of the household (including existing pensions etc..) (importance = 46%). This aligns with the intuition that older active households with higher level of revenue are more interested in the topic of retirement preparation than other households (especially as, in France, the wealthier an individual, the lower his/her replacement rates according to public pension schemes) .

The question of professional assets protection [O6.] was shown to be most impacted by 5 of the 7 features pre-selected according to the mutual information criteria. First, the most important factor for the algorithm was the amount of wealth tied to professional assets (100% importance), followed by a host of secondary factors: the total client wealth (20% importance), the difference in revenue between the client and his/her partner (14% importance) as well as the amount of wealth allocated to real estate (14% importance) and liquidities (13% importance). This also aligns with the intuition that this kind of topic is more linked to individuals with an important amount of wealth tied to professional assets who wants to secure their revenue streams.

Finally, the appetite of households for other projects [O8.] appear to be driven by a mixture of 12 components. The total amount of assets owned by the household (100% importance) and their level of expenses within their budget (92% importance) stand at the top of the mix. This is then followed by a host of considerations on the revenue decomposition of the household: difference in revenue between the members of the household ( 65% importance), total revenue (42% importance), revenue from real estate (30% importance), revenue from professional activities (29% importance) etc... In essence, the scores associated to other projects appears to be correlated to standard parameters which would be used to assess the eligibility of a household for a loan. 

Discussion:

Limitations:

The current study presents a number of limitations. First, the objectives and goals detailed in table (4) and used to calibrate the classification algorithms were specified by a small panel of french financial advisors. Although the scores currently captured through the system show the relevance of the proposed classification, the resulting structure may not fully represent the best practice for financial advisors and associated professionals. Besides, although seemingly simple, it may not be appropriate for all geographies as the expert panel used to design the structure naturally presented a localisation bias.

Second, the data used to calibrate the system relied on information from French households. Variations would therefore be expected when replicating the study on a different geography. The french market is indeed specific when it comes to certain financial products dedicated to retirement preparation and to the usage of life insurance invest-ments. As a result, re running the study and its process on a different market, such as Germany, the UK or the US, may result in a change of the features deemed important by the proposed system and different level of predictive accuracy & algorithmic specificity.

Third, the data-set fed to the classification algorithms was composed of high net worth households (see table (1)), whose revenue places them in the top 5 to 1% (income wise) of the french economy (i.e. revenue above 100k$ per year). Additionally, their wealth (which is in the 1 to 2M$ range) is mostly structured around real estate assets. Although this is common and representative of this fringe of the population, this typical asset structure is different from the one of households whose income is in-between the third and eight decile of the french population and from the one of ultra high net worth individuals (wealth above 5M$) [whose assets are mostly geared towards financial products]. The results of the study may therefore be different if it were to be replayed on a different subset of the population.

Finally, the study (and its results) could benefit from a larger sample. The initial data-set indeed encompassed a total of N ≈ 1000 households and the objective with the lowest interest (i.e. O6) was only applicable to about 100 households. This generated a relatively high standard standard error (up to 5%) on the ROC estimation during the cross validations. Ideally, having a subset of 10k households (i.e. increasing the size of the data-set by a factor 10) would likely result in smaller standard deviations (likely by a factor 2 to 3).

Future research opportunities:

In light of the current results, there are two main areas that could benefit from further research.

On one hand, it could be interesting to further the current research on predicting individuals financial objectives. The results presented in the previous section indeed show that data pertaining to wealth can be used to predict most of the aspects of households financial behavior with the exception of interests towards insurance topics represented by objective [O7]. It would therefore be interesting to see what kind of predictors can be used to assess households interest towards risks (and associated insurance products). Second, it could be interesting to replicate the study on a different fringe of the population to explore the differences in interests between diverse socio-economic communities (by notably differentiating on household's income). It is indeed likely that individuals with less wealth would not be as interested in tax optimization or succession topics, while ultra high net worth individuals would have more complex considerations towards their financial assets. The variables used for prediction purposes and their importance would therefore likely change. And a general ensemble model could be appropriate to design a predictive system which could apply to an entire population in a given country.

On the other hand, beyond a natural follow up to the study, it could also be interesting to move past the considerations of objectives to see whether or not it is possible to accurately predict detailed individuals goals (e.g.03b, 04a etc...). This could indeed represent an additional step towards the design of a self sustainable system which could provide households with a financial next-best-action (N.B.A). This could be very valuable as it could enable the democratization of wealth management advice and practices to a less wealthy clientele. The idea would indeed be that technology-enabled financial professionals (i.e. financial advisors) would provide support to their clients and that this interaction would train systems that could directly generate recommendations to individuals whose revenues and wealth is insufficient for them to benefit from professional services.

Conclusion:

This study shows that machine learning techniques can be used to accelerate client discovery in the wealth management industry. This could notably be of use in recommendation systems which analyse households financial profiles to offer them suitable financial products and legal solutions. The results proposed in this paper indeed show that standard algorithms yield a good to superior performance (ROC above 80%) with respect to the prediction of households interest towards the most wealth management topics (e.g. succession, retirement preparation, professional assets protection....). Those predictions appear easily replicable as predictors consists in simple aggregates detailing the wealth of a household. The study was however non conclusive when it comes to predicting individuals appetite towards insurance solutions dedicated to the protection of relatives.

Additional research could be here beneficial to identify additional predictors improving the predictive power of the proposed algorithms. Besides further investigations (both functional and technical) would be helpful to understand the drivers of individuals' appetite towards insurance solutions for their relatives. 
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 1 Figure 1. Classification techniques -calibration pipeline.

Table 1 .

 1 Households revenue decomposition (k$/year) in the data-set.

	Variable	r pro i	r pensions i	r mov i	r re i	r others i
	Mean value	99 885.8	39 886.9	39088.5	27 111.4	33 216.9
	Std	117 007.6	35 432.8	122 550.6 34 013.1	119 980.5

Table 2 .

 2 Households assets decomposition (M$/year) in the data-set.

	Variable	A real i	A mov i	A dispo i	A savings i	A pension i	A	li f e i	A pro i	A other i
	Mean	1.18	0.34	0.16	0.19	0.25	0.32	1.31	0.15
	Std	1.85	0.86	0.32	1.53	0.89	0.72	2.51	0.36

Table 3 .

 3 Machine learning algorithms calibration results.

	Clients' s Objectives	Best sampling	Best algorithms ROC (Std)
	O1. Accumulate capital	up-sampling	RF	84.7 (2.3)
	O2. Optimize your taxes	ROSE	RF	80.9 (2.1)
	O3. Organize assets' transfer	up-sampling	RF	95.8 (2)
	O4. Generate additional revenue	up-sampling	RF	94.1 (2.4)
	O5. Prepare for retirement	up-sampling	RF	85 (2.8)
	O6.Protect professional assets	up-sampling	RF	99 (1)
	O7. Protect relatives	up-sampling	RF	70.1 (3.4)
	O8. Other projects	up-sampling	RF	96.1 (1.9)

Table 4 .

 4 Financial objective -proposed standard framework.

	D ¯etailed Goals [% of households interested]
	Objectives [% of households interested]

Table 6 .

 6 Machine learning algorithms calibration results with down sampling.

	Clients' s Objectives	RF -ROC	SVMR -ROC Rpart -ROC	CTree
	O1. Accumulate capital	84.7 (2.3)	68.7 (3.1)	66.6 (1.8)	68.0 (3.3)
	O2. Optimize your taxes	73.8 (5.7)	71.8 (4.5)	66.3 (6.4)	71.0 (5.9)
	O3. Organize assets' transfer	95.8 (2.0)	81.8 (4.8)	73.5 (6.4)	79.5 (2.3)
	O4. Generate additional revenue	94.1 (2.4)	73.5 (2.8)	60.7 (4.0)	72.0 (2.5)
	O5. Prepare for retirement	85.0 (2.8)	76.1 (1.5)	71.5 (1.6)	73.0 (2.8)
	O6.Protect professional assets	99.0 (1.0)	89.9 (4.6)	78.7 (3.7)	90.1 (1.8)
	O7. Protect relatives	70.1 (3.4)	62.6 (3.7)	53.2 (3.7)	60.8 (3.9)
	O8. Other projects	96.1 (1.9)	76.4 (2.8)	64.9 (4.1)	68.8 (6.0)

Table 7 .

 7 Machine learning algorithms calibration results with upsampling.

	Clients' s Objectives	RF -ROC	SVMR -ROC Rpart -ROC	CTree
	O1. Accumulate capital	80.0 (4.7)	74.4 (5.6)	66.2 (3.2)	66.6 6.5
	O2. Optimize your taxes	80.9 (2.1)	76.1 (3.1)	66.2 (6.4)	68.1 (4.5)
	O3. Organize assets' transfer	86.4 (4.8)	81.1 (4.4)	72.7 (4.1)	78.1 (4.1)
	O4. Generate additional revenue	73.3 (8.0)	68.9 (7.1)	60.5 (7.7)	63.0 (5.7)
	O5. Prepare for retirement	83.5 (4.5)	73.6 (4.5)	74.6 (6.1)	73.1 (4.8)
	O6.Protect professional assets	82.8 (5.0)	80.4 (3.8)	70.3 (2.0)	75.2 (3.8)
	O7. Protect relatives	68.9 (4.1)	69.1 (2.7)	57.3 (1.8)	63.0 (5.8)
	O8. Other projects	76.9 (3.3)	71.7 (4.1)	59.9 (3.8)	62.7 (7.1)

Table 8 .

 8 Machine learning algorithms calibration results with ROSE sampling.

Collection can even be fully delegated to a client through a digital medium (e.g. an online "K.Y.C" portal (Know Your Client)).

This is consistent with the documented fact that, for now, wealth management services are mainly open to households with more than 500k$ of assets[START_REF] Cocca | Potential and limitations of virtual advice in wealth management[END_REF] in most mature countries

Manymore produces applications for financial product distributors (e.g. wealth managers). The firm currently has the second largest market share in France (see https://www.manymore.fr/)
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