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Using SAS Enterprise Miner to build scoring card to evaluation solvency of
individuals

Introduction. Today, many banks faced with the problem of default issued by companies or
individuals loans. Therefore, applying methods of evaluation solvency of individuals and risk of
banks in lending in modern crisis of the financial sector by banking institutions is really necessary.

Incoming data. The database consists of two data sets. The first data set contains information
about 5837 clients who were issued loans, and who has already ended period of loans, the second
data set contain 4233 records of applicants who have been denied loan. Each entry in the two data
sets contains 18 attributes that characterize the customers, moreover the first data set contains
additional indicator (target variable) which reflects the result of the return credit of customer.

Problem. Need to prepare the sample data to build the scoring card, select the most important
characteristics of the clients to be included in the model, develop a scoring card and evaluate the
quality of developed model.

The method of solution. SAS Enterprise Miner includes specialized components for solving the
problem of scoring. To build a scoring model that is shown in fig. 1 was applied components such
as:
1. Data Partition - allows you to split our sample into training and testing;
2. Interactive Grouping - provides a selection of the most important characteristics and forms
groups of values for the continuous input variables;
3. Reject Inference - allows to add information on applicants who has been denied loan with
automatic markup customers in positive and negative to a training sample data;
4. Scorecard - automatically builds scoring card on the results of the regression model, based on
data from the training set.
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Figure 1. Scoring model built by SAS Enterprise Miner

Results. The results of system operation are displayed as built scoring card (fig. 2), which consists
of parameters (attributes), ranges of values of each attribute and scoring mark for each of the ranges.
To evaluate solvency of new applicant enough summarize marks for each indicator of scoring card.
It also provides a number of reports with statistical indicators of quality built scoring card (fig. 3).

Conclusions. The risk of credit operations is one of the most important risks that may effect on
the functioning of financial institutions. Credit operations are the most profitable type of bank’s
asset, but at the same time it is the most risky. Implementation of the scoring cards allow banking
institutions to examine more comprehensive not only the financial capacity of the solvency of client,
but also take into account other socio-demographic characteristics such as age, sex, education etc.,
which can negatively affect for ability of the client repaying the loan. Applying scoring evaluation
will also reduce the cost and time that bank has spent for processing statements and deciding on
the loan.
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Figure 2. The fragment of scoring card built by SAS Enterprise Miner
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bad _AIC_ VIHGORMALUMOHHEIR KRpHTE.. £579.404
had _ASE_ CpedHHA KERLRET OWMBKK 0.141708 0.144467
had _AVERR_ DYHELUWA CpegHed owKbkK 0438329 0.44688£
had _DFE_ Yucno cTeneHed ceofonel T478.856
bad _DFM_ Yucno eTeneHed ceoBodsl ]
bad _DFT_ OflWee YMCNo cTENeHEN CE... T486.956
had _Dr_ HenuTent ANA aCUMITOTH 14973.71 1703.431
had _ERR_ DYHKELHA OWKEKW B563.409 FB1.237:
had _FPE_ MToroean owWMBER NPOTHOZA 0142012
had MR MakeumansHan abc. ownb 0.9936 0.992682
bad _MSE_ CREAHUIA KEAZDET OWNBKK 0.141861 0.144467
had _MOBS_ CymmayacTar 7486.856 851.715€
bad M Kon-B0 OUEHOYHEK BECOE [
had _RASE_ KEapaTHEIA KOPEHE H3 CY... 0.376443 0.380088
had _RFFPE_ KopeHb W3 MTOrOEOH oWKE 0.376845
had _RMSE_ CTaHaapTHaA owubka 0.376644 0.38008€
had _SBC_ BaHecoeckHi KpuTepri L. BB34.777
had _S5E_ Cymma KEaAPATOE OWHBDK 2121.915 246.0891
had _SURA_ CYMMa EPEMEHHER YACTaT, 14973.71 1703.431
had _MIST_ KoadULUHEHT HENPAEHNE... 0.200581 0.200697
had _AUR_ Area Under ROC 0.755207 0.743587¢
had _Gini_ Gini Coefiicient 0510414 0.48715€
had _K5_ Kolmogarow-Smirnoy Stati 0.384649 0.383432
had _ARATIO_ Accuracy Ratio 0.510414 0.48715€

Figure 3. The window with the results of statistical estimates of quality developed model
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age_oldest tr | age_oldest tr<38 12
38<= age_oldest_tr<77 15
T7<= age_oldest_tr<186 18
186<= age_oldest tr 2
_MISSING_ 12
bureau_score | MISSING_ 3
bureau_score< 662 1
662<= bureau_score<717 2
717<= bureau_score< 759 4
759<= bureau_score 63





bad _AIC_ VHQOpMALOHHS KpHTe. 6579.400
bad ASE_ CpegHwit KeaApaT OWHBKK 0141709 0144457
bad _AVERR_ DyHKLIR COeAHEl OLMBHA 0438329 0.44588¢
bad DFE_ Ueno cTeneHeii coBons 7478858
bad DFM_ Ueno cTeneHeii coBonk 8
bad oFT_ OBuee uieno cTeneei . 7486858
bad ow_ Lenwrens an acumnmoTa 1497371 1703.431
bad ERR_ YHKLIA DWMBKH 6563.409 761.237"
bad FPE_ Mrorosan owwbka nporosa 0142012
bad maC MaKcHMansHas 3BC. oWk 00936 0.99268;
bad MSE_ CpegHwit KeaApaT OWHBKK 0141881 0144457
bad NOBS_ Cywma uactor 7486855 851.715¢
bad nw_ Kon-60 oueHouHbIX BeCo8 8
bad RASE_ Keaapari KopeHs 43 cy. 0376443 0.38008:
bad RFPE_ KopeHs w3 UTorosoit owws. 0376845
bad RMSE_ CangapTHan owmbka 0376644 0.38008:
bad sBO_ Baiiecosckuit KpyTepHit L 6634.777
bad ssE_ Cywia KsagpaTos owMBOK 2121915 246,089
bad s Cybia epemeHHEXuaCTOT 1497371 1703.431
bad misc_ KoadibuumeHT Henpasue. 0200581 0.20069
bad CAUR_ Area Under ROC 0755207 074357
bad oini_ Gini Coeficient 0510414 0.48715¢
bad Ks. Kolmogorow-Smimov Stati 0384549 038343

bad CARATIO_ Accuracy Ratio 0510414 0.48715¢
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\paragraph{Introduction}

Today, many banks faced with the problem of default issued by companies or individuals loans. Therefore, applying methods of evaluation solvency of individuals and risk of banks in lending in modern crisis of the financial sector by banking institutions is really necessary.

\paragraph{Incoming data}

The database consists of two data sets. The first data set contains information about 5837 clients who were issued loans, and who has already ended period of loans, the second data set contain 4233 records of applicants who have been denied loan. Each entry in the two data sets contains 18 attributes that characterize the customers, moreover the first data set contains additional indicator (target variable) which reflects the result of the return credit of customer.

\paragraph{Problem}

Need to prepare the sample data to build the scoring card, select the most important characteristics of the clients to be included in the model, develop a scoring card and evaluate the quality of developed model.

\paragraph{The method of solution}

SAS Enterprise Miner includes specialized components for solving the problem of scoring. To build a scoring model that is shown in fig. 1 was applied components such as:

\begin{enumerate}
  \item Data Partition - allows you to split our sample into training and testing;
  \item Interactive Grouping - provides a selection of the most important characteristics and forms groups of values for the continuous input variables;
  \item Reject Inference - allows to add information on applicants who has been denied loan with automatic markup customers in positive and negative to a training sample data;
  \item Scorecard - automatically builds scoring card on the results of the regression model, based on data from the training set.
\end{enumerate}

\begin{figure}\centering
  \includegraphics[width=0.6\textwidth]{Scoremodel}
  \figcaption{Scoring model built by SAS Enterprise Miner}
\end{figure}

\paragraph{Results}

The results of system operation are displayed as built scoring card (fig. 2), which consists of parameters (attributes), ranges of values of each attribute and scoring mark for each of the ranges. To evaluate solvency of new applicant enough summarize marks for each indicator of scoring card. It also provides a number of reports with statistical indicators of quality built scoring card (fig. 3).

\begin{figure}\centering
  \includegraphics[width=0.6\textwidth]{F2}
  \figcaption{The fragment of scoring card built by SAS Enterprise Miner}
\end{figure}

\begin{figure}\centering
  \includegraphics[width=0.6\textwidth]{F3}
  \figcaption{The window with the results of statistical estimates of quality developed model}
\end{figure}

\paragraph{Conclusions}

The risk of credit operations is one of the most important risks that may effect on the functioning of financial institutions. Credit operations are the most profitable type of bank's asset, but at the same time it is the most risky. Implementation of the scoring cards allow banking institutions to examine more comprehensive not only the financial capacity of the solvency of client, but also take into account other socio-demographic characteristics such as age, sex, education etc., which can negatively affect for ability of the client repaying the loan. Applying scoring evaluation will also reduce the cost and time that bank has spent for processing statements and deciding on the loan.
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