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EVALUATING MODELS USING FORECAST
ERROR ATTRIBUTION

TECHNICAL FIELD

[0001] One or more aspects of the disclosure generally
relate to computing devices, computing systems, and com-
puter software. In particular, one or more aspects of the dis-
closure generally relate to computing devices, computing
systems, and computer software that may be used by an
organization, such as a financial institution, or other entity in
evaluating models, such as financial models, using forecast
error attribution.

BACKGROUND

[0002] Increasingly, organizations, such as financial insti-
tutions, may use statistical models to forecast revenues,
losses, and a variety of other metrics so as to better plan for the
future and make more informed business decisions. As the
use of such statistical models becomes more and more com-
mon, the importance of understanding and improving the
accuracy of such models likewise grows.

SUMMARY

[0003] The following presents a simplified summary in
order to provide a basic understanding of some aspects of the
disclosure. The summary is not an extensive overview of the
disclosure. It is neither intended to identify key or critical
elements of the disclosure nor to delineate the scope of the
disclosure. The following summary merely presents some
concepts of the disclosure in a simplified form as a prelude to
the description below.

[0004] Aspects of this disclosure relate to evaluating mod-
els, such as financial models, using forecast error attribution.
In particular, by implementing one or more aspects of the
disclosure, an organization, such as a financial institution,
may be able to better understand how well various models are
performing and what factors are contributing to different
amounts of error in forecasting, whether such errors flow
from the models themselves, the input values associated with
the models, and/or the assumptions underlying the same.
[0005] According to one or more aspects, one or more input
values corresponding to one or more input variables may be
forecast. Subsequently, one or more results of a modeling
function may be calculated using the one or more forecasted
input values. Thereafter, actual performance data correspond-
ing to the modeling function may be received. One or more
holdout values may be calculated for the modeling function
using the actual performance data. Then, a graph that includes
the one or more results of the modeling function, the actual
performance data, and the one or more holdout values for the
modeling function may be plotted.

[0006] In some arrangements, the one or more holdout
values for the modeling function may be indicative of one or
more assumption errors made with respect to the one or more
forecasted input values. In one or more additional arrange-
ments, one or more coefficients of the modeling function may
be recalibrated based on the actual performance data, and one
or more new data error values may be calculated for the
modeling function using the one or more recalibrated coeffi-
cients. The one or more new data error values for the model-
ing function may be indicative of one or more model errors
made with respect to one or more original coefficients of the
modeling function.
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[0007] Instill more arrangements, the one or more assump-
tion errors may be decomposed by attributing one or more
error contribution amounts to each of the one or more fore-
casted input values. In such arrangements, this attributing
may include incrementally actualizing each of the one or
more forecasted input values based on the actual performance
data.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] The present disclosure is illustrated by way of
example and not limited in the accompanying figures in
which like reference numerals indicate similar elements and
in which:

[0009] FIG. 1A illustrates an example operating environ-
ment in which various aspects of the disclosure may be imple-
mented.

[0010] FIG. 1B illustrates another example operating envi-
ronment in which various aspects of the disclosure may be
implemented.

[0011] FIG. 2 illustrates a method of evaluating models
using forecast error attribution according to one or more
illustrative aspects described herein.

[0012] FIGS. 3-9 illustrate example graphs in which vari-
ous error components are identified according to one or more
illustrative aspects described herein.

[0013] FIGS. 10-12 illustrate example user interfaces that
may be displayed by a computing device when evaluating
models using forecast error attribution according to one or
more illustrative aspects described herein.

DETAILED DESCRIPTION

[0014] In the following description of various illustrative
embodiments, reference is made to the accompanying draw-
ings, which form a part hereof, and in which is shown, by way
of illustration, various embodiments in which aspects of the
disclosure may be practiced. It is to be understood that other
embodiments may be utilized, and structural and functional
modifications may be made, without departing from the scope
of the present disclosure.

[0015] FIG. 1A illustrates an example block diagram of a
generic computing device 101 (e.g., a computer server) in an
example computing environment 100 that may be used
according to one or more illustrative embodiments of the
disclosure. The generic computing device 101 may have a
processor 103 for controlling overall operation of the server
and its associated components, including random access
memory (RAM) 105, read-only memory (ROM) 107, input/
output (I/O) module 109, and memory 115.

[0016] I/O module 109 may include a microphone, mouse,
keypad, touch screen, scanner, optical reader, and/or stylus
(or other input device(s)) through which a user of generic
computing device 101 may provide input, and may also
include one or more of a speaker for providing audio output
and a video display device for providing textual, audiovisual,
and/or graphical output. Software may be stored within
memory 115 and/or other storage to provide instructions to
processor 103 for enabling generic computing device 101 to
perform various functions. For example, memory 115 may
store software used by the generic computing device 101,
such as an operating system 117, application programs 119,
and an associated database 121. Alternatively, some or all of
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the computer executable instructions for generic computing
device 101 may be embodied in hardware or firmware (not
shown).

[0017] The generic computing device 101 may operate in a
networked environment supporting connections to one or
more remote computers, such as terminals 141 and 151. The
terminals 141 and 151 may be personal computers or servers
that include many or all of the elements described above with
respect to the generic computing device 101. The network
connections depicted in FIG. 1A include a local area network
(LAN) 125 and a wide area network (WAN) 129, but may also
include other networks. When used in a LAN networking
environment, the generic computing device 101 may be con-
nected to the LAN 125 through a network interface or adapter
123. When used in a WAN networking environment, the
generic computing device 101 may include a modem 127 or
other network interface for establishing communications
over the WAN 129, such as the Internet 131. It will be appre-
ciated that the network connections shown are illustrative and
other means of establishing a communications link between
the computers may be used. The existence of any of various
well-known protocols such as TCP/IP, Ethernet, FTP, HTTP,
HTTPS, and the like is presumed.

[0018] Generic computing device 101 and/or terminals 141
or 151 may also be mobile terminals (e.g., mobile phones,
smartphones, PDAs, notebooks, etc.) including various other
components, such as a battery, speaker, and antennas (not
shown).

[0019] The disclosure is operational with numerous other
general purpose or special purpose computing system envi-
ronments or configurations. Examples of well-known com-
puting systems, environments, and/or configurations that
may be suitable for use with the disclosure include, but are not
limited to, personal computers, server computers, hand-held
or laptop devices, multiprocessor systems, microprocessor-
based systems, set top boxes, programmable consumer elec-
tronics, network PCs, minicomputers, mainframe computers,
distributed computing environments that include any of the
above systems or devices, and the like.

[0020] FIG. 1B illustrates another example operating envi-
ronment in which various aspects of the disclosure may be
implemented. As illustrated, system 160 may include one or
more workstations 161. Workstations 161 may, in some
examples, be connected by one or more communications
links 162 to computer network 163 that may be linked via
communications links 165 to server 164. In system 160,
server 164 may be any suitable server, processor, computer, or
data processing device, or combination of the same. Server
164 may be used to process the instructions received from,
and the transactions entered into by, one or more participants.

[0021] According to one or more aspects, system 160 may
be associated with a financial institution, such as a bank.
Various elements may be located within the financial institu-
tion and/or may be located remotely from the financial insti-
tution. For instance, one or more workstations 161 may be
located within a branch office of a financial institution. Such
workstations may be used, for example, by customer service
representatives, other employees, and/or customers of the
financial institution in conducting financial transactions via
network 163. Additionally or alternatively, one or more work-
stations 161 may be located at a user location (e.g., a custom-
er’s home or office). Such workstations also may be used, for
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example, by customers of the financial institution in conduct-
ing financial transactions via computer network 163 or com-
puter network 170.

[0022] Computer network 163 and computer network 170
may be any suitable computer networks including the Inter-
net, an intranet, a wide-area network (WAN), a local-area
network (LAN), a wireless network, a digital subscriber line
(DSL) network, a frame relay network, an asynchronous
transfer mode network, a virtual private network (VPN), or
any combination of any of the same. Communications links
162 and 165 may be any communications links suitable for
communicating between workstations 161 and server 164,
such as network links, dial-up links, wireless links, hard-
wired links, etc.

[0023] FIG. 2 illustrates a method of evaluating models
using forecast error attribution according to one or more
illustrative aspects described herein. According to one or
more aspects, the methods described herein may be imple-
mented by software executed on one or more computers, such
as the generic computing device 101 of FIG. 1A, and/or by a
computing system, such as system 160 of FIG. 1B. In at least
one arrangement, the methods described herein may be per-
formed by and/or in combination with a server (e.g., server
164). Additionally or alternatively, the methods described
herein may be performed by and/or in combination with one
or more workstations (e.g., workstations 161).

[0024] In step 201, a model function definition may be
received. For example, in step 201, a computing device, such
as computing device 101 or server 164, may receive a model
function definition (e.g., by receiving user input providing the
model function definition, by locating and loading a file stor-
ing the model function definition, etc.). According to one or
more aspects, a model function definition may be a math-
ematical equation that includes one or more input variables
and one or more coefficients, where each coefficient of the
one or more coefficients may correspond to and/or multiply a
particular input variable of the one or more input variables.
The mathematical equation that makes up any given model
function may be a linear function, a polynomial function, or
any other type of mathematical function. For instance, a
hypothetical model may be defined and/or expressed as a
mathematical equation, such as Y=X_‘A+X,'B4+X B’ In
this equation, Y may represent the trend and/or metric being
predicted and/or modeled (e.g., net credit losses incurred by
an organization, such as a financial institution, in servicing
one or more accounts); A’, BY, and C’ may represent input
variables with actual historical values up to time t and with
forecasted values thereafter (e.g., unemployment, house price
index, and number of account acquisitions at time t, with
forecasted values for times subsequent to time t, as further
discussed below); and X /X, X . may be coefficients (cor-
responding to their respective input variables) that represent
model parameters calibrated from actual historical values up
to time t.

[0025] In addition, the model function definition (and the
mathematical equation that makes up the model function
definition) may define a modeling function that may be used
by an organization, such as a financial institution, in predict-
ing one or more trends. In at least one arrangement, the
financial institution may use different model function defini-
tions to predict different trends. For example, a financial
institution may use a first model function definition to predict
a trend in net credit losses, and the financial institution may
use a second model function definition to predict a trend in
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revenue. Other types of trends that may be predicted using
different model function definitions include trends in income,
number of new account activations, credit card losses, home
loan losses, and/or any other desired statistic.

[0026] Instep 202, one or more input values may be loaded.
For example, in step 202, the computing device may load one
or more input values, such as input values corresponding to
one or more of the input variables of the model function
definition. In one or more arrangements, the input values may
be statistics, metrics, sub-metrics, and/or other data that are
loaded from one or more account information tables and/or
databases, such as account portfolio information tables and
transaction databases created and maintained by the financial
institution. For instance, if the model function definition
received in step 201 relies on the current house price index
(e.g., the national house price index for the current month),
then in step 202, the computing device may retrieve from a
data table, and load into memory, the current house price
index. In one or more additional arrangements, the input
values may be loaded by the computing device according to a
predetermined schedule, such as on a daily, weekly, or
monthly basis. For instance, the computing device may be
configured to automatically load the input values for the
current month on a particular day of each month when the
data for the most recent month is made available.

[0027] Instep 203, one or more additional input values may
be forecast. For example, in step 203, the computing device
may forecast one or more input values, such as input values
corresponding to one or more of the input variables of the
model function definition for which values might not have
been loaded in step 202. In one or more arrangements, the
additional input values may be forecast using other modeling
functions and/or mathematical equations and may represent
extrapolated and/or otherwise predicted values for the input
variables at times in the future. For instance, if the model
function definition received in step 201 relies on gross domes-
tic product in one or more future months as an input variable
(e.g., the gross domestic product in the one or more future
months is used in calculating/predicting the results of the
modeling function for the one or more future months), then in
step 203, the computing device may forecast values for gross
domestic product in the one or more future months (e.g.,
using one or more regressions, equations, and/or other pre-
dictive mathematical functions).

[0028] Instep 204, the results of the modeling function may
be calculated. For example, in step 204, the computing device
may calculate the results of the modeling function using the
coefficients defined by the model function definition and the
input values loaded and/or forecasted in the previous steps
that correspond to the various input variables included in the
model function definition. In one or more arrangements, the
computing device may calculate the result of the modeling
function at a current time t and at one or more future times
(e.g., t+1,142, etc.) so as to predict future behavior of the trend
modeled by the modeling function. For instance, the comput-
ing device may calculate the result of the modeling function at
a time t using the input values loaded for time t and the
corresponding coefficients from the model function defini-
tion by substituting these values and coefficients into the
modeling function and computing the result thereof. In addi-
tion, the computing device may calculate the result of the
modeling function at a future time t+1 using the input values
forecasted for time t+1 and the corresponding coefficients
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from the model function definition by similarly substituting
these values and coefficients into the modeling function and
computing the result thereof.

[0029] In step 205, actual performance data may be
received and loaded. For example, in step 205, after a period
of'time elapses (such as a day, week, month, three months, six
months, etc., over which the trend modeled by the modeling
function is being computed and evaluated), the computing
device may receive and load actual performance data for the
particular time period. In one or more arrangements, actual
performance data may be received and loaded (and the sub-
sequent steps of the method of FIG. 2 may be performed) on
a more frequent basis than the period of time over which the
trend modeled by the modeling function is being computed
and evaluated. For instance, if the computing device is mod-
eling net credit losses over a six-month period in monthly
units, the computing device may receive and load actual per-
formance data (e.g., to be used as input values and/or in the
subsequent steps of this method, such as in recalibrating
coefficients) on a monthly basis. In addition, the actual per-
formance data may be representative of and/or otherwise
indicate the actual values of one or more previously fore-
casted input variables and/or values. For instance, if the cur-
rent month’s gross domestic product was forecasted and used
in the previous month in computing/predicting results of the
modeling function for the current month, the actual perfor-
mance data received and loaded in step 205 may include the
actual value of gross domestic product for the current month.

[0030] In one or more instances, the actual performance
data might not align with the results of the modeling function
over a corresponding period of time. To the extent that the
actual performance data deviates from the results of the mod-
eling function over the same period of time, the amount of
deviation (at the various points of time for which the model-
ing function is computed/evaluated) may represent the total
error associated with the modeling function. For example,
FIG. 3 illustrates an example graph 300 in which actual per-
formance data (represented by the upper line in the graph)
deviates from the results of the modeling function (repre-
sented by the lower line in the graph) computed for the same
points in time (e.g., times t, t—1, t-2, etc.). As seen in example
graph 300, the amount of deviation between the lines at time
t, for instance, may represent the total error associated with
the modeling function at time t, as the difference between the
two lines indicates the extent to which the modeling function
inaccurately predicted what the subject trend (e.g., the trend
being modeled by the modeling function, such as net credit
losses) would be at time t. By performing the subsequent
steps of the method of FIG. 2, as further described below, the
total error may be broken down into various sub-error
amounts, which together may contribute to the total error
associated with the modeling function. Moreover, by per-
forming this method and determining (e.g., using a comput-
ing device) these various sub-error amounts, an organization,
such as a financial institution, may gain a better understand-
ing of how well one or more models are performing and what
factor or factors are causing inaccuracies in such model(s).

[0031] Referring again to FIG. 2, in step 206, one or more
holdout values for the modeling function may be calculated
using the actual performance data. According to one or more
aspects, calculating holdout values for the modeling function
essentially may include calculating the results of the model-
ing function for the same points in time as before (e.g., as in
step 204), but using the actual performance data as input
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values of the modeling function in place of corresponding
forecasted input values (where possible). By calculating
holdout values in this way, one or more assumption errors
made with respect to the forecasted input values may be
identified, as further described below.

[0032] Forexample, in step 206, the computing device may
calculate the results of the modeling function at various points
in time, using input values taken from the actual performance
data corresponding to the various points in time, and these
results may be the one or more holdout values for the mod-
eling function. Because the calculated holdout values thus
may represent how the modeling function would have per-
formed had the original input values of the modeling function
been perfectly correct, these calculated holdout values may
produce a trend line that separates, on a graph, the deviation
between the actual performance data and the original, previ-
ously calculated results of modeling function.

[0033] More particularly, in one or more instances, the total
error (e.g., the amount to which the actual performance data
deviates from the result of the modeling function at a particu-
lar point in time) may be made up of both model error and
assumption error. For example, FIG. 4 illustrates an example
graph 400 in which the deviation (and thus the total error)
between the actual performance data (represented by the
upper line 401 in the graph) and the results of the modeling
function (represented by the lower line 403 in the graph) are
separated by a trend line 402 (the middle line in the graph)
representing the holdout values calculated in step 206. As
seen in graph 400, to the extent that the holdout values deviate
from the previously computed values of the modeling func-
tion, this first amount of deviation may represent “assumption
error” or the extent to which the total error (e.g., the deviation
between the actual performance data and the results of the
modeling function) may be attributed to incorrect assump-
tions and/or forecasts as to the input values used in originally
calculating the previous results of the modeling function.
This is so because, as noted above, the trend line 402 formed
by the holdout values represents how the modeling function
would have performed if the input values used in originally
calculating the results of the modeling function (e.g., at time
t-6) had been perfectly correct (e.g., if the previously fore-
casted input values had precisely coincided with the actual
performance data).

[0034] In addition, as also seen in graph 400, to the extent
that the holdout values deviate from the actual performance
data, this second amount of deviation may represent “model
error” or the extent to which the total error (e.g., the deviation
between the actual performance data and the results of the
modeling function) may be attributed the modeling function
failing to accurately fit the trend line created by the actual
performance data (e.g., because one or more coefficients of
the modeling function were incorrect and/or may require
recalibration, because one or more input variables were incor-
rectly included in the model function definition, because one
or more variables should have been included as input vari-
ables in the model function definition but were erroneously
left out, etc.). Again, this is so because as noted above, the
trend line 402 formed by the holdout values represents how
the modeling function would have performed if the input
values used in originally calculating the results of the mod-
eling function (e.g., at time t-6) had been perfectly correct
(e.g., if the previously forecasted input values had precisely
coincided with the actual performance data). Thus, to the
extent that the actual performance data deviates from the
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trend line 402 formed by the holdout values, this deviation
may be a consequence of flaws in the model itself, rather than
aconsequence of flaws in the forecasts and assumptions about
input values underlying the original computation of results of
the modeling function.

[0035] Referring again to FIG. 2, in step 207, one or more
coefficients of the modeling function may be recalibrated. For
example, in step 207, the computing device may recalibrate
one or more coefficients of the modeling function (e.g., as
originally defined by the model function definition received
in step 201) in view of the actual performance data. In some
instances, this recalibration of coefficients of the modeling
function may be necessitated by the actual performance data
indicating that the trend modeled by the modeling function
has begun behaving differently than previously modeled by
the model function definition. In other words, in some
instances, recalibration of coefficients may be performed in
instances where the actual performance data deviates more
than a predetermined amount from the trend line produced by
the holdout values (e.g., calculated in step 206) and/or the
original computation of results of the modeling function (e.g.,
calculated in step 204). Such deviation may occur because,
for instance, the original coefficients were calibrated for the
modeling function based on data available at time t-6,
whereas actual performance data for time t is now available,
and the coefficients of the modeling function may be recali-
brated in view of this newer actual performance data accord-
ingly.

[0036] In step 208, one or more new data error values for
the modeling function may be calculated using the recali-
brated coefficients and the actual performance data. For
example, in step 208, the computing device may calculate the
results of the modeling function at various points in time,
using both the recalibrated coefficients (e.g., as recalibrated
in step 207 above) and the input values taken from the actual
performance data corresponding to the various points in time
(in place of the originally forecasted input values used in
previously calculating the results of the modeling function,
e.g., in step 204 above). Because these new data error values
thus may represent how the modeling function would have
performed had the original input values of the modeling func-
tion been perfectly correct and the calibration of the modeling
function’s coefficients been perfectly correct (e.g., in view of
the actual performance data), these new data error values may
produce a trend line that separates, on a graph, the deviation
between the trend line produced by the holdout values and the
actual performance data.

[0037] In particular, in one or more instances, the model
error (e.g., the deviation between the trend line produced by
the holdout values and the actual performance data) may be
made up of new data error and fit error. For example, FIG. 5
illustrates an example graph 500 in which the deviation
between the actual performance data (represented by the
upper line 501 in the graph) and the trend line produced by the
holdout values (represented by the line 503 in the graph that
is the second from the bottom) are separated by a trend line
502 (the line in the graph that is the second from the top)
representing the one or more new data error values calculated
in step 208. As seen in graph 500, to the extent that the new
data error values deviate from the holdout values (e.g., the
holdout values calculated in step 206), this amount of devia-
tion may represent “new data error” or the extent to which the
model error (e.g., the deviation between the actual perfor-
mance data and the holdout values) may be attributed to
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incorrect calibration of coefficients (e.g., the extent to which
the new data at current time t changes the coefficients of the
model function definition as compared to the corresponding
coefficients of the model function definition at a previous
point in time, such as time t-6). This is so because the trend
line 502 formed by the new data error values represents how
the modeling function would have performed if the input
values used in originally calculating the results of the mod-
eling function (e.g., at time t-6) had been perfectly correct
and if the coefficients of the modeling function had been
calibrated (e.g., at time t—6) to reflect the actual performance
data (which became available at current time t).

[0038] In addition, as also seen in graph 500, to the extent
that the new data error values deviate from the actual perfor-
mance data, this amount of deviation may represent “fit error”
or the extent to which the model error (e.g., the deviation
between the trend line 503 produced by the holdout values
and the trend line 501 produced by the actual performance
data) may be attributed to the modeling function otherwise
failing to accurately fit the trend line created by the actual
performance data (e.g., because the modeling function fails to
take into account one or more input variables that should be
taken into account and/or because the modeling function
accounts for one or more input variables that should not be
accounted for or included).

[0039] Referring again to FIG. 2, in step 209, the assump-
tion error (e.g., as may be indicated and/or determined in step
206 when the one or more holdout values are calculated) for
the modeling function may be decomposed by incrementally
actualizing input variables of the modeling function. Accord-
ing to one or more aspects, by decomposing the assumption
error in this way, one or more individual error contribution
amounts may be attributed to each of the one or more fore-
casted input valuables. In other words, by implementing such
decomposition, an organization, such as a financial institu-
tion, may be able to identify particular variables used in a
particular modeling function that are resulting in the inaccu-
racy of the model (when compared to the actual performance
data) and the related measured errors. [40] For example, in
step 209, the computing device may incrementally actualize
input values of the modeling function by replacing previously
forecasted input values for a single input variable of the
modeling function with corresponding input values from the
actual performance data, computing the result of the model-
ing function, and then repeating the process by replacing
previously forecasted input values for another single input
variable of the modeling function with corresponding input
values from the actual performance data, and again comput-
ing the result of the modeling function, and so on until all
input variables have been actualized (e.g., at which point the
result of the modeling function would be the holdout values
calculated above in step 206).

[0040] FIG. 6 illustrates an example graph 600 in which
assumption error has been decomposed so as to attribute
various components of the assumption error to particular
input variables. In particular, in example graph 600, assump-
tion error has been decomposed so as to attribute particular
error amounts to errors in forecasting unemployment and
house price index (HPI), which both represent economic
inputs, and further to attribute particular error amounts to
errors in forecasting account acquisitions and other inputs,
which represent portfolio inputs. In addition, as seen in the
equations included in graph 600 and the legend thereto, the
decomposition of assumption error and incremental actual-
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ization of input variables began with first actualizing the input
values corresponding to unemployment, and then continued
by successively actualizing the input values corresponding to
HPI and account acquisitions. This incremental actualization
produced the trend lines seen in graph 600, thereby allowing
for the attribution of particular amounts of error to particular
input variables, similar to how such trend lines were produced
and how such error amounts were attributed in the examples
discussed above.

[0041] According to one or more aspects, more accurate
error attribution may be achieved by actualizing economic
inputs (such as unemployment, HPI, other macro-economic
statistics and indicators, etc.) prior to actualizing portfolio
inputs (such as account acquisitions, other statistics and met-
rics dealing more particularly with transactions involving a
financial institution or other organization implementing these
methods, etc.). Thus, in the example illustrated in FIG. 6,
input values corresponding to the unemployment variable in
the model are actualized prior to input values corresponding
to the HPI variable in the model, which are actualized prior to
input values corresponding to the account acquisitions vari-
able in the model.

[0042] Insome alternative arrangements, a model function
definition may include as input variables one or more sub-
models and/or sub-metrics. In such arrangements, error con-
tributions may be attributed to the various sub-models and/or
sub-metrics upon which the modeling function is based by
incrementally actualizing the input values that are used by the
modeling function and taken from the sub-models and/or
sub-metrics, similar to how such input values may be incre-
mentally actualized in the examples described above. For
instance, FIG. 9 illustrates an example graph 900 in which
particular error amounts are attributed to particular sub-met-
rics by incrementally actualizing inputs, as similar to the
incremental actualization of input values described in the
examples above. As seen in graph 900, this incremental actu-
alization allows particular amounts of the total error to be
attributed to individual input variables (which in this instance
happen to be sub-metrics) associated with the modeling func-
tion.

[0043] Referring again to FIG. 2, in step 210, it may be
determined whether the modeling function and/or its model
function definition have changed. For example, in step 210,
the computing device may determine whether the model
function definition corresponding to the modeling function
has changed. According to one or more aspects, a model
function definition may have changed if one or more new
coefficients and/or input variables have been added to the
model function definition. For instance, if a model function
definition previously defined a modeling function as relying
on three input variables but now defines the modeling func-
tion as relying on four input variables, the modeling function
may be considered changed.

[0044] If it is determined, in step 210, that the modeling
function has changed, then in step 211, a second set of holdout
values may be computed for the changed modeling function
based on the modified model function definition. For
example, in step 211, the computing device may calculate a
second set of holdout values by using the modified model
function definition to calculate the results of the changed
modeling function by replacing input values of the changed
modeling function with corresponding input values from the
actual performance data, similar to how holdout values were
calculated for the original modeling function in step 206.
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[0045] FIG. 7 illustrates an example graph 700 in which a
trend line produced by this second set of holdout values
separates the actual performance data and a second trend line
produced by a first set of holdout values representing the
holdout values for the original modeling function (e.g., as
calculated in step 206). As seen in graph 700, changes in the
model function definition itself may account for some amount
of' model error when calculating various error amounts com-
paring the original results of the modeling function and the
actual performance data.

[0046] Referring again to FIG. 2, in step 212, a graph that
includes the results of the modeling function, the actual per-
formance data, and/or one or more trend lines may be plotted.
For example, in step 212, the computing device may plot
and/or display one or more graphs that include any and/or all
of the results of the modeling function, the actual perfor-
mance data, and/or the one or more trend lines described
above.

[0047] FIG. 8 illustrates an example graph 800 that
includes several of the various trend lines described above,
delineating total error, model error, assumption error, and
different sub-components of error thereof for a particular
model at particular points in time. Graph 800 also includes an
“Overlays & Initiatives” trend line, which may represent a
discretionary forecast adjustment created by management to
address specific elements that might not be captured by a
particular model. In one or more arrangements, it may be
beneficial to include management overlays and initiatives in
forecast error attribution graphs in order to assess the accu-
racy and effectiveness of management decisions (e.g., as
compared to model values and/or actual performance data).

[0048] Referring again to FIG. 2, in step 213, one or more
user interfaces may be displayed, and the one or more user
interfaces may enable one or more users to view, interact with,
and/or modify any and/or all of the modeling function, the
actual performance data, and one or more of the trend lines
described above. For example, in step 213, the computing
device may display one or more user interfaces (or may cause
such user interfaces to be displayed) to an employee of the
financial institution, so as to facilitate the analysis of and/or
the preparation of reports regarding one or more modeling
functions and their corresponding forecast error analyses
(e.g., as produced by performing one or more steps of the
method described above). In one or more arrangements, any
and/or all of these user interfaces may be delivered to and/or
displayed to a user via a web portal or Internet page, such as
aninternal corporate web portal used by a financial institution
and/or provided via a secure corporate intranet. Additionally
or alternatively, one or more of these user interfaces may
resemble the example user interfaces illustrated in FIGS.
10-12, which are further described below.

[0049] Having thus described an example method of evalu-
ating models using forecast error attribution, several example
user interfaces that may be used in implementing such fea-
tures will now be described.

[0050] FIGS. 10-12 illustrate example user interfaces that
may be displayed by a computing device when evaluating
models using forecast error attribution according to one or
more illustrative aspects described herein. For instance, FIG.
10 illustrates an example user interface 1000 in which results
of a particular modeling function may be displayed at par-
ticular points in time, along with actual performance data and
several of the trend lines described above. In addition, user
interface 1000 may include a cycle drop-down menu 1001,
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which may allow a user to view and/or analyze data associ-
ated with a different cycle; a product drop-down menu 1002,
which may allow a user to select different products offered by
an organization, such as a financial institution, with respect to
which data should be modeled and/or displayed; a metric
drop-down menu 1003, which may allow a user to view
and/or analyze a different model and data associated there-
with; a period drop-down menu 1004, which may allow a user
to select a different time period over which data should be
displayed in graph 1005; and data table 1006 in which
numerical data corresponding to graph 1005 may be dis-
played. Additionally or alternatively, user interface 1000 may
include a toolbar 1007, which may allow a user to navigate to
and/or view different graphs that present data in different
ways than such data is presented in graph 1005.
[0051] For example, while data presented in graph 1005 of
user interface 1000 may be shown in terms of the value of'the
particular model or metric being displayed and/or analyzed,
data presented in graph 1101 of user interface 1100, as seen in
FIG. 11, may be shown in terms of the absolute error of the
particular error components. Similarly, data table 1102 may
include numerical data corresponding to the absolute error of
the particular error components shown in graph 1101. Addi-
tionally or alternatively, data presented in graph 1201 of user
interface 1200, as seen in FIG. 12, may be shown in terms of
the relative error of particular error components, and data
table 1202 may include numerical data corresponding to the
relative error of the particular error components shown in
graph 1201.
[0052] Various aspects described herein may be embodied
as a method, an apparatus, or as one or more computer-
readable media storing computer-executable instructions.
Accordingly, those aspects may take the form of an entirely
hardware embodiment, an entirely software embodiment, or
an embodiment combining software and hardware aspects.
Any and/or all of the method steps described herein may be
embodied in computer-executable instructions. In addition,
various signals representing data or events as described
herein may be transferred between a source and a destination
in the form of light and/or electromagnetic waves traveling
through signal-conducting media such as metal wires, optical
fibers, and/or wireless transmission media (e.g., air and/or
space).
[0053] Aspects of the disclosure have been described in
terms of illustrative embodiments thereof. Numerous other
embodiments, modifications, and variations within the scope
and spirit of the appended claims will occur to persons of
ordinary skill in the art from a review of this disclosure. For
example, one of ordinary skill in the art will appreciate that
the steps illustrated in the illustrative figures may be per-
formed in other than the recited order, and that one or more
steps illustrated may be optional in accordance with aspects
of the disclosure.
1. An apparatus, comprising:
at least one processor; and
memory storing computer-readable instructions that, when
executed by the at least one processor, cause the appa-
ratus to:
forecast one or more input values corresponding to one
or more input variables;
calculate one or more results of a modeling function
using the one or more forecasted input values;
receive actual performance data corresponding to the
modeling function;
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calculate one or more holdout values for the modeling
function using the actual performance data; and
plot a graph that includes the one or more results of the
modeling function, the actual performance data, and
the one or more holdout values for the modeling func-
tion.
2. The apparatus of claim 1, wherein the one or more
holdout values for the modeling function are indicative of one
or more assumption errors made with respect to the one or
more forecasted input values.
3. The apparatus of claim 2, wherein the memory stores
additional computer-readable instructions that, when
executed, further cause the apparatus to:
recalibrate based on the actual performance data, one or
more coefficients of the modeling function; and

calculate one or more new data error values for the mod-
eling function using the one or more recalibrated coef-
ficients.

4. The apparatus of claim 3, wherein the one or more new
data error values for the modeling function are indicative of
one or more model errors made with respect to one or more
original coefficients of the modeling function.

5. The apparatus of claim 2, wherein the memory stores
additional computer-readable instructions that, when
executed, further cause the apparatus to:

decompose the one or more assumption errors by attribut-

ing one or more error contribution amounts to each of the
one or more forecasted input values.

6. The apparatus of claim 5, wherein attributing one or
more error contribution amounts to each of the one or more
forecasted input values includes incrementally actualizing
each of the one or more forecasted input values based on the
actual performance data.

7. The apparatus of claim 5, wherein the memory stores
additional computer-readable instructions that, when
executed, further cause the apparatus to:

display a user interface that includes the plotted graph and

the one or more error contribution amounts.
8. A method, comprising:
forecasting, by a computing device, one or more input
values corresponding to one or more input variables;

calculating, by the computing device, one or more results
of'a modeling function using the one or more forecasted
input values;
receiving, by the computing device, actual performance
data corresponding to the modeling function;

calculating, by the computing device, one or more holdout
values for the modeling function using the actual perfor-
mance data; and

plotting, by the computing device, a graph that includes the

one or more results of the modeling function, the actual
performance data, and the one or more holdout values
for the modeling function.

9. The method of claim 8, wherein the one or more holdout
values for the modeling function are indicative of one or more
assumption errors made with respect to the one or more
forecasted input values.

10. The method of claim 9, further comprising:

recalibrating, by the computing device, based on the actual

performance data, one or more coefficients of the mod-
eling function; and

calculating, by the computing device, one or more new data

error values for the modeling function using the one or
more recalibrated coefficients.
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11. The method of claim 10, wherein the one or more new
data error values for the modeling function are indicative of
one or more model errors made with respect to one or more
original coefficients of the modeling function.

12. The method of claim 9, further comprising:

decomposing, by the computing device, the one or more
assumption errors by attributing one or more error con-
tribution amounts to each of the one or more forecasted
input values.

13. The method of claim 12, wherein attributing one or
more error contribution amounts to each of the one or more
forecasted input values includes incrementally actualizing
each of the one or more forecasted input values based on the
actual performance data.

14. The method of claim 12, further comprising:

displaying, by the computing device, a user interface that
includes the plotted graph and the one or more error
contribution amounts.

15. At least one non-transitory computer-readable medium
having computer-executable instructions stored thereon that,
when executed, cause at least one computing device to:

forecast one or more input values corresponding to one or
more input variables;

calculate one or more results of a modeling function using
the one or more forecasted input values;

receive actual performance data corresponding to the mod-
eling function;

calculate one or more holdout values for the modeling
function using the actual performance data; and

plot a graph that includes the one or more results of the
modeling function, the actual performance data, and the
one or more holdout values for the modeling function.

16. The at least one non-transitory computer-readable
medium of claim 15, wherein the one or more holdout values
for the modeling function are indicative of one or more
assumption errors made with respect to the one or more
forecasted input values.

17. The at least one non-transitory computer-readable
medium of claim 16, having additional computer-executable
instructions stored thereon that, when executed, further cause
the at least one computing device to:

recalibrate based on the actual performance data, one or
more coefficients of the modeling function; and

calculate one or more new data error values for the mod-
eling function using the one or more recalibrated coef-
ficients.

18. The at least one non-transitory computer-readable
medium of claim 17, wherein the one or more new data error
values for the modeling function are indicative of one or more
model errors made with respect to one or more original coef-
ficients of the modeling function.

19. The at least one non-transitory computer-readable
medium of claim 16, having additional computer-executable
instructions stored thereon that, when executed, further cause
the at least one computing device to:

decompose the one or more assumption errors by attribut-
ing one or more error contribution amounts to each of the
one or more forecasted input values.
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20. The at least one non-transitory computer-readable
medium of claim 19, wherein attributing one or more error
contribution amounts to each of the one or more forecasted
input values includes incrementally actualizing each of the
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one or more forecasted input values based on the actual per-
formance data.





