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QUANTITATIVE ASSESSMENT OF BORROWER
BEHAVIOR: INTRODUCING ACTIVITY SCORING

The article proposes a novel quantitative tool «activity scoring»
aimed at addressing challenges in group lending and microfinance. Unlike
traditional credit scoring models that rely on borrower characteristics and
historical loan performance, activity scoring focuses exclusively on the
actions of individual borrowers. By implementing a point-based system,
borrowers earn points for positive behaviors, such as timely loan repayments,
while incurring penalties for negative actions, like missed payments. This
approach not only incentivizes responsible borrowing but also enhances
the predictive power of risk assessment by capturing a broader range of
borrower activities. The article outlines the theoretical underpinnings
of activity scoring, compares it to existing credit scoring methods, and
highlights its potential benefits, including improved loan repayment
rates, better client segmentation, and reduced reliance on subjective
assessments by loan officers. Furthermore, the tool fosters transparency
within microfinance institutions (MFIs) and facilitates information sharing.
By emphasizing borrower engagement and performance, activity scoring
offers a promising avenue for increasing the efficiency and effectiveness
of microfinance operations, ultimately contributing to the sustainability of
lending practices in developing economies.

Keywords: Activity scoring, microfinance, risk assessment, borrower
behavior, credit scoring, loan repayment rate, quantitative tool.

Introduction

The article outlines a new quantitative tool that offers solutions to some of the
problems inherent to group lending discussed above and to microfinance in general.
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Prior to that, we review another recent innovation in the field of microfinance
— statistical «scoringy, that relies not on loan officers’ intuition but quantitative
calculations.

Scoring is the use of the knowledge of the performance and characteristics
of past loans to predict the performance of future loans [1]. A credit-scoring
model is a formula that puts appropriate weights on different characteristics of a
borrower, lender, and loan. The formula is used to estimate the probability or risk
that an outcome will occur. The weights in the formula are derived statistically
from previous observations.

Materials and methods. Following example clarifies how credit-scoring
works [2, p 107]:

«A simple scoring model might state that the base risk for very small loans
to manufacturers is 0.12 (12 percent), that traders are 2 percentage points (0.02)
less risky, and that each $100 disbursed increases risk by half a percentage point
(0.005). Thus, a trader with a $500 loan would have a predicted risk of 12.5 percent
(0.12 - 0.02 + 5 * 0.005), and a manufacturer with a $1,000 loan would have a
predicted risk of 17 percent (0.12 + 0.00 + 10 * 0.005)».

Applicant’s predicted risk is then used to make decisions. For example, MFI
may sort out applications with predicted risk of 15 percent or worse; send the loan
officer to applicant’s home or business location if the risk is between 8 and 15
percent; disburse the loan to those who scored less than 8 percent of predicted risk.

What kind of risks can credit scoring predict? Prominent proponent of
credit scoring Schreiner M. [2], lists six models that identify involved risks: the
first model predicts the likelihood that a loan currently outstanding or currently
approved for disbursement will have at least one spell of arrears of at least x
days. The second type of model predicts the likelihood that a loan that is x days
in arrears will eventually reach y days of arrears. The third type of model predicts
the likelihood that a borrower choose not to seek a new loan after the current debt
is repaid (drop-out). The fourth and fifth types of models predict the expected
maturity term and the loan size of a current borrower. The final, sixth model
combines information from the first five models.

The underlying idea of credit scoring is that future resembles the past, and that
borrower with a set of characteristics who applies for a specific loan will perform
similarly as those who have taken such loan and had similar characteristics as the
applying borrower. In this model, there is no room for the personal qualities — a
farmer who grows maize is expected to perform the same way as another farmer
who also grows maize.
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In contrast, activity scoring - as we call this new tool — considers only the
actions of the borrower herself, not of other clients. It does not matter if a borrower
is a farmer or a plumber, what matters is how she performed in the past.

Activity scoring works as a ‘carrot and stick’ principle: clients collect ‘points’
for good actions (e.g. in-time loan repayment) and lose these points when they
violate the rules (e.g. arrears). In other words, central idea of activity scoring is
‘monetizing the actions’. The tool is aimed at achieving higher loan repayment rates
by making microfinance more compelling to clients with excellent credit records.

The concept of collecting points for activeness and loyalty is common in
retail business and airlines. A customer gets one point for each dollar spent in
the store or one mile flown by the airline. After collecting some fixed number
of points, these customers are entitled for discounts, free fares, prizes, gifts, etc.

Consider following basic example: a client borrows 200 USD for six months
and pays back the loan with 10 percent p.a. interest rate.

The simplest activity scoring model would first depreciate one point for one
dollar leant and add one point for one dollar paid back. Thus, in baseline case,
ignoring all other complications, the client in the example above earns 15 points. 1
If she had one arrear, of 20 USD, then her score would go down, say, by 5 points.
If she missed one group meeting, another 3 points would be charged, and so on.

Results and discussions

Analyzing the methods above, we can generate a list of five channels how
activity scoring may improve MFI efficiency.

Developing and poor countries have very weak credit bureaux if they exist
at all [3]. Above all, activity scoring creates (or complements existing) ‘credit
history’. Arrears and defaults drive the activity score to zero, in-time repayment
improves the score. As illustrated by the example above, the size and maturity of a
loan is embedded in the model, too. Moreover, conventional credit history conveys
information only about the characteristics of a loan and its repayment; whereas
activity score is affected by much larger set of actions. After all, a credit is a trust
in a client, and trust accumulates from many experiences. Another advantage is in
sharing the information between MFI:2 institutions are less unwilling to share how
much activity points their client has, instead of how much money she owes MFI.

The activity points collected signal about the type of the client. It enables to
spot a risk group in advance and take actions (e.g. reduce credit size; require more

'Client’s score depreciates first by 200 points and then appreciates by 210 points after
she pays back principal amount (200 USD) and (200 USD) * (10 percent) * (1/2 years)
=10 USD interest. In this setting, points earned equal to the interest rate paid.

2Inabili‘[y/unwillingness to share financial information between Institutions is seen as a
major obstacle for growth in microfinance industry; see [3].
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frequent repayments; etc) or to encourage and retain ‘good’ clients (e.g. reduce
interest rates, fees; offer flexible loan repayment schedule; increase loan size; etc).
More importantly, in contrast to many methods used nowadays, activity scoring
enables identifying a gradient of client types. Not only it shows if a borrower is
good or bad, it also signals how good she is.

Like credit scoring, activity scoring makes the whole MFI system more
transparent by giving more weight to objective rules instead of subjective
reasoning. This reduces the cases of corruption and collusion between clients
and field officers. Moreover, activity scoring reduces the reliance on a single
credit officer.

Like airline points, activity scoring may become a powerful marketing tool
[4, p-2]. For instance, offering extra points, gifts, discounts, etc. encourages
new clients to join the MFI. After accumulating a predefined number of points,
successful borrowers become Golden, Silver, etc. clients, similar to credit card
business. By identifying good borrowers and offering them better loan conditions
MFI may significantly lower its operational costs. Loan officers spend less time
assessing the applicant, she visits her house or business location less frequently;
the borrower may be allowed to make installments on a monthly basis, not every
week; loan size increases, lowering the unit costs. All these changes directly
improve productivity of a loan officer and efficiency of MFI.

Managers can use activity scoring as a new measure to assess and compare
productivity of field officers and also junior managers within one region, or among
regions.3 Since many MFI compensate employees according to their efforts, in
prospect, activity scoring may be utilized in determining the employees’ wage.

As noted above, loan officer is a key figure in MFI. She advises borrowers,
helps to create groups, visits the borrower’s business and house to assess property
and risks, holds regular meetings, prepares reports for management, etc. In most
cases, she is the person who decides whether a borrower may get a loan or not.
Appreciating the importance of subjective assessment, we still believe, objective
assessment systems — like scoring — should be implemented. Loan officers are
also a source of great concern for MFI. When a loan officer leaves the job, MFI
loses valuable information on hundreds of borrowers. Activity scoring partially
solves this problem by effectively transferring information from a loan officer to
MFT’s database, where each client’s activity score is stored.

Comparison of credit scoring and activity scoring reveals several implications.
Many credit scoring models include membership period as a variable [5]. Our
activity scoring emphasizes not the membership period per se, but activeness

3For example, mean or median of ‘activity points per client under management’ maybe a
proxy for the quality of clients.
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of the borrower. A borrower who has been a member for five years but who has
taken (and paid back) just one loan will have a lower score compared to a newer
borrower who often borrows from MFI.4

Credit scoring is powerful if there is a very large database [6] on which it
relies upon. There may be millions of farmers in the database, but a farmer who
lives in village X with her Y children, grows Z in her farm, and owns W acres
of land can be unique. More specific comparison would result in a more precise
prediction. Predictive power of activity scoring, on other hand, improves with the
number of actions that a borrower undertakes. At the early stages of membership,
credit scoring is more useful, later on, activity score prevails. Thus, credit scoring
and activity scoring complement each other.

Limitations. The greatest challenge in activity scoring would be determining
components and their weights [7]. Adding variables to the system to improve
its predictive power, should not detriment comprehensiveness of the model.
Weights are assigned by carefully assessing the importance of each component.
MFI may calibrate the weights over time, if required. By inspecting components
that constitute activity scoring and the weights assigned to them we can make
inferences about MFI’s true targets, level of conservativeness. For example, MFI
targeting mainly the poor may assign negative points that escalate in proportion to
loan size, discouraging large loans. Very conservative MFI puts a heavy weight
on arrears, and so on.

There are many other uses of activity scoring. Activity score can be used
as a quick and general measure of change in client base. For instance, we can
compare average score of borrowers at the beginning of the year with the year-end
value. Such comparison reveals not only whether an improvement (or detriment)
has happened, but also the magnitude of the change. Activity score is useful for
assessment on group-level, too: if a group has the highest average points in a
village, it is thus entitled to the best loan conditions.

As noted above, the whole group should be rejected even if one its member
defaults. Very often, however, loan officers do not wish to lose good clients and
remove only the errant borrower [8, p.407]. In line with theory, such a policy is
optimal after the realization of projects and learning borrowers’ (un)willingness to
repay. But enforcement problem arises: borrowers anticipate ex-ante that only the
errant is removed, and all the advantages of joint liability lending vanish. Activity
scoring model sets lower fines for clients with higher scores. Assume a borrower
has defaulted 100 USD. Her points plummet down, say, 3 times that much, or 300
points. Her peers in the same group must collectively repay the debt, or get, say,

4Membership period has implicit impact on scores — it takes from one month up to a
year to complete every loan cycle.

295



TopaiireipoB yHHBepcuTeTiHiH Xadapmsbichl, ISSN 2710-3552  Oxonomuxanwix cepus. Ne 1. 2025

100 points fine each. A borrower who has been a good client for MFI is likely to
be able to ‘repay’ her fine with previously collected points. Others will have to
pay cash or be exempted.

Take another example: a group member with good credit history may wish
to promote to individual lending. Such a change is in the interest of MFI, too —
because in individual lending interest rates are higher, costs per dollar leant much
lower, and importantly there is collateral. But, if different loan officer deals with
the individual lending, our borrower —regarded as a new individual client — has to
start with lowest loan size, and with additional restrictions. Therefore, she decides
to stay in a group. With activity scoring, individual lending loan officer relies
on borrower’s previous activity in a group and makes more informed decision.
Moreover, the borrower may hop back to group lending in case her conditions
dictate to do so.

Since points are not allowed to drop below zero, more recent clients are
eligible for smaller loans than older, more experienced borrowers. If a client
wishes to get larger loan she has to borrow points from other peer members.5
Only if members know that the client is trustworthy, do they lend her own points
(screening). Even done so, they assert higher monitoring efforts, leading to more
optimal solution. Another opportunity for a new client is to buy points from
peers. In this case peers have less incentive to monitor; however, the new client
revealed her preference to be eligible to get loans by paying for it, signaling she
is a good borrower.

Another example demonstrates how activity scoring may bring flexibility into
group formation [9]. Much of the benefit of MFI hinges on voluntary formation
of groups. However, once a group is formed changing the membership is hardly
possible. Assume a situation when a borrower wishes to leave the group, and
join another. Even if two groups are from one location, and peer members do not
object her decision, this task is not simple. She has to wait until every disbursed
loan to the group is repaid. Because loans are staggered, other members should
also wait. With activity scoring a borrower may leave her group and join another
group anytime (with peers’ and loan officer’s consent) [10].

Conclusion

To sum up, activity scoring presents a transformative approach to risk
assessment in microfinance, shifting the focus from borrower characteristics to
individual actions. By implementing a point-based system, this tool enhances loan
repayment rates and fosters borrower engagement while providing MFIs with a
more nuanced understanding of client behavior. The integration of activity scoring

SWe are aware that allowing peers to exchange point directly may be dangerous, due to
possibility of collusions.
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not only improves transparency and reduces reliance on subjective evaluations
but also facilitates better decision-making and client segmentation. Ultimately,
this innovative method has the potential to strengthen microfinance practices,
making them more efficient and sustainable in supporting borrowers in developing
economies.
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KAPBI3 ATYIIBIJIAPABIH MIHE3-K¥JIBICBIH CAHbI
BAFAJIAY: KBISMETTIH BAJIAJIBIK BAJTAJIAPBIH EHTI3Y

Maxanadoa monmulx Hecueney xiane MUKPOKAPHCHIIAHOBIDY
Macenenepin ueutyee 6asblmmanean «0encenoiik CKOPUHSIHIRY JHcana
CaHObIK KYpanvl YCbinbinaovl. Kapul3 anyuwibinbly cunammamaniapulia
JiCoHe HecueHiy mapuxu oHiMOinicine Heli30en2eH HeCUeniK CKOPpUHemiy
dacmypai yaeinepineHr aubipMaublivlevl, Oe1ceHOLIIK CKOpUH2l mek Jcexe
Kapwl3 anyusliapovly apexkemmepine bagvimmanzan. banioviy scyiieni
eHzi3y apKblibl Kapvl3 anyubliap HecueHi YaKbimvl emey CUAKMbl OH
MiHe3-KYIbIKMapuvl YWiH YAl HCUHANObL, COHbIMEH bipee OmKI3Iin alean
menemoep CUsIKMbl HCALIMCHL3 dIpeKemmep Yulin atlblnnyaoap aiaovi. by
MACIN AHcayanmol Kapbl3 anyobl bIHMAIAHOLIPLIN KAHA KOUMALObL, COHbIMEH
Kamap Kapul3 anyilbl KbIsMemiHiy KeH ayKblMblH KAMMY apKblibl mayexenoi
bazanayovly 6onHCAMOLIK Kywin apmmuipadvl. Maxanada 6encenoinix
CKOPUH2IHIY MeopusivblK Hezizoepi 6aanoanadsl, oHbl KOAOAHLICMAZbL
Hecuenix CKopuHe a0icmepimeH canbiCmolpaobl HCIHe OHbIH dneyMemmi
apMuIKWbLILIKIMAPSI, COHbIY [WiH0e Hecueni Kaumapy meauiepiemenepin
aorcakcapmy, KauenmmepOi cecmeHmmeyoi HaKcapmy HcoaHe Hecuemnix
Kbl3MemKepaepoiy cyovbekmuemi 6aeaiayiapvlna mayeioinikmi azanmy
Kapacmuipviizan. COHbIMEH Kamap, KYpai MUKPOKAPHCL UHCIMUMYMMapul
(MKY) iwinoe aubixmulxmol KaMmamacsl3 emeoi JcaHe aknapam aimacyovl
Jicenindemeoi. Kapuiz anyuibiiwiy Kamvicybl MeH OHIMOiTiciH baca Kepceme
omulipsin, OenceHOiNikmi 6azanay MuKpOKapiIColiblK Onepayusaiapobly
muimoiniei men MuimMoOinicin apmmulpyovly NePCnekmu8anbl HCOoIblH
YCbIHAObL, Calibln Keacenoe, 0amMyulbl dKOHOMUKALApOasbl Hecue bepy
MaduCipudeciniyy MYpaxmuolibleblHa bIKNAL emeoi.

Kinmmi ce3odep. Bencenoinix cxoppumnei, MUKpoOKapIColiaHobIpy,
mayexenoi 6azanay, Kapuvl3 anryubiHbly MiHe3-KYIKbl, HeCUeniK CKOpUHe,
HecueHi omey Menuiepiemeci, CaHObIK KYpai.
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KOJIMYECTBEHHAS OINEHKA NOBEJEHUA 3BAEMIINKA:
BHEJAPEHUME ONEHKH JEATEJBHOCTH

B cmamve npeonacaemca Hogulil KoAUUECMBEHHbIN UHCMPYMEH
«OYeHKa OeAmenbHOCMUY, HANPABIeHHbIU HA peuieHue npoodiem 8
2PYNNOBOM KPeOUMOoSaHuu U MUKpo@uHancuposanuu. B omauuue om
MPAOUYUOHHBIX MOOeell OYeHKU KPeoumocnocoOHocmu, Komopbvle
ONUPAIOMCA HA XAPAKMEPUCTNUKY 3AeMUUKA U UCHMOPUYECKYIO
aghpexmusHoCcmb KpeOumo8aHusl, OYeHKAa OesmerbHOCMU COCPeOONOYeHd
UCKIIOYUMENbHO HA 0eUCmeuax omoeibHblX 3aeMujuxos. Bredpsas
cucmemy 6anI08, 3aeMUUKU 3apabamuvléarom 6aLIbl 3a HOTOHCUMETbHOE
nogedenue, makoe KAk c8oe8peMeHHoe nozauieHue Kpeoumd, u
noosepearomcs wimpagam 3a Hecamueuvie OeUCMEUs, MaKue KaxK
nponywjennvie naamecu. Takoi nooxo0 He MOAbKO CMUMYAUPYem
OMBEMCMBEHHOEe 3aUMCTNBOBAHUE, HO U NOBbIUUAEN NPOSHOCTHUYECKYIO
CUNY OYeHKU PUCKA, 0Xgamwvleas 0olee WUpOKUll Cnekmp Oeucmeuil
saemwura. B cmamve uznacaromea meopemuyeckue 0CHObl OYeHKU
0esAmenbHOCU, CPAGHUBAEMCA C CYWEeCMEYIOWUMU MEeMOOaMU OYeHKU
KpeoumocnocoOHoCmu U nOOYepKUBAMCs ee NOMeHYUdIbHbIe
npeumMywecmed, 8KIOYAs YAyuuleHue noxazamenel no2auleHus
Kpeouma, Iyduiyio cecMeHmayuio KIUueHmos u CHUMCEeHUe 3a6UCUMOCTL
om cyObeKMUBHLIX OYEHOK KPeOUmHulx uHcnekmopos. Kpome moeo,
UHCMPYMEHM Cnocobcmeyen npo3pavHoCmu 6 MUKPOQUHAHCOBbIX
opeanusayusax (M®DO) u obrecuaem obmen ungpopmayuen. Iloouepkusas
606/1EHUEHHOCTIb U NPOU3BOOUMENTLHOCTIb 3AeMUUKA, CKOPUHE AKMUBHOCHIU
npeonazaem MHO2000ewawuil Nyms 0Jis NO8bluleHUs ddeKmusHocmu
U pe3yIbMaAmueHOCIU MUKPODUHAHCOBLIX ONEPayull, 8 KOHEYHOM UMoze
CNOCo6CmBys yCmouiueoCmu NPAKMuKy KpeoumosaHus 8 Pa3eUusatouuxcs
IKOHOMUKAX.

Knrouesvie crosa: Cropune akmugHocmu, MUKpOQUHaHCUposatue,
OYeHKA pUCKa, noedeHue 3aeMujuKd, KpeOumHbvlli CKOpUHe, Ypo8eHtsb
nozawenus Kpeouma, KOAu4eCcmeeH bl UHCpPYMeHM.
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Koppexropaap: A. P. Omaposa, [I. A. Koxxac
3aka3 Ne 4359
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