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GLARMA TIME SERIES MODELING OF COUNTS
Master thesis

Dhruba R. Gnawali

Abstract
This thesis investigates the potential of using GLARMA (Generalised Linear
Autoregressive Moving Average) models in insurance. Traditional time series
analysis assumes a Gaussian distribution for the dependent variable, which may
not be suitable for discrete variables like the number of accidents. GLARMA
models provide an alternative by incorporating autoregressive or moving aver-
age models for variables that follow Poisson or negative binomial distributions,
making them an appealing choice for insurance applications. The objective of
this thesis is to explain the GLARMA modeling framework, apply it to pre-
dict the number of accidents in Finland and assess the limitations and benefits
of this approach. The study employs the Glama package to implement the
GLARMA model on car accident datasets. Through a comparative study with
two other ARMAX models, it is found that the GLARMA model provides a
comparatively better framework for forecasting car accidents in Finland. The
forecasted data reveals that accident incidence typically peaks during the sum-
mer months (June to August) and decreases during the winter months (Decem-
ber to February). The observed pattern is primarily attributed to the increase
in traffic volume. This study introduces the promising possibilities of utilizing
the GLARMA model in insurance, particularly in scenarios where count data is
prevalent.

research specialization: P160 Statistics, operation research, program-
ming, actuarial mathematics
Key Words: Count data, GLARMA, modeling, forecast
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GLARMA MUDEL DISKREETSETE AEGRIDADE JAOKS
Magistritöö

Dhruba R. Gnawali

Lühikokkuvõte
Käesolev magistritöö uurib GLARMA (Generalised Linear Autoregressive Mov-
ing Average) mudelite kasutamise potentsiaali kindlustuses. Traditsiooniline
aegridade analüüs eeldab, et uuritav tunnus on normaaljaotusega. Paljud kind-
lustusvaldkonnas esinevad tunnused - nagu näiteks aset leidnud õnnetuste arv
- on aga diskreetsed. Normaaljaotuse eeldus selliste diskreetsete tunnuste ko-
rral ei kehti. GLARMA mudelid lisavad diskreetsete tunnuste modelleerim-
iseks mõeldud üldistatud lineaarsetele mudelitele aegridade analüüsist tuttavaid
elemente, lubades sõltuvust eelnenud vaatlustest või prognoosivigadest. Kas
saadud mudelid on aga ka praktikas kasutatavad ja kas keerulisemad GLARMA
mudelid võimaldavad ka tegelikult uuritavat tunnust täpsemalt prognoosida?
Neile küsimustele vastamiseks kasutatakse R tarkvara lisamoodulit glarma Soomes
juhtuvate liiklusõnnetuste arvu prognoosimiseks. Saadud prognoose võrreldakse
klassikaliste ARMAXmudelite abil saadud prognoosidega. Selgub, et GLARMA
mudel võimaldab täpsemalt prognoosida tulevikus aset leidvate liiklusõnnetuste
arvu

CERCS teaduseriala: P160 Statistika, operatsioonanalüüs, programmeer-
imine, finants- ja kindlustusmatemaatika
Märksõnad: Andmete loendamine, GLARMA, modelleerimine, prognoos
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1 Introduction

Uncertainty is a ubiquitous feature of the world we live in, and time series analysis
can provide a set of tools for understanding it[1]. In particular, when it comes to
accidents, which involve numerous risk factors and probabilities[2]. Every year, road
accidents claim the lives of more than 1.2 million people globally[3]. Apart from the
devastating human toll, road accidents have significant financial implications. In 2020,
the European road safety observatory reported a total of 223 fatalities resulting from
traffic accidents in Finland. In contrast, Finish Insurance Report 2020 disclosed that
669 million euros were paid out in claims for motor vehicle insurance during the same
period. Despite this, the country has one of the lowest numbers of fatalities per million
inhabitants among the 27 EU member states, ranking 12th. However, compared to the
EU average, Finland has a relatively high proportion of car occupant fatalities (Figure
1). The risk related to the number of accidents may be correlated by various factors
including weather conditions, time of day, driver behavior, road condition, age and
experience of the driver, vehicle type, location, and more. Hence, a scientific study
and forecast of future car accidents are crucial in mitigating the risks associated with
such accidents. Our objective is to introduce a novel time series modeling framework
to forecast future accidents using historical data for counts of accidents. Additionally,
we seek to comprehend the likelihood of insurance claims resulting from that car
accidents.

Figure 1: Trend of fatality in road traffic accident in Finland from 1985 to 2022,
preliminary data by month[3]

A time series is an ordered sequence of stochastic observations {X(t) : t ∈ T} that
are recorded over time, and it has diverse applications across various fields. With the
advancement of technology, there has been an increase in the availability of a multi-
tude of time series data sets. This has facilitated the exploration of the underlying
data-generating mechanisms of time series data[4]. The goal of time series analysis
is to understand the patterns and relationships that exist within the time series data
and to use this understanding to make predictions about future observations. Count
data series refer to discrete event counts that are recorded over a specific time inter-
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val. These measurements are usually taken at regular intervals. We have well-known
models such as ARMA, ARIMA, SARIMA, and ARMAX that assume the response
variable is normally distributed and continuous making them suitable for explaining
the continuous time series but there is a significant gap in the development of flexible
models that can better explain count data processes.

In regression models, where the focus is on making correct inferences about the
impact of covariates on the response series, accounting for serial dependence is critical.
However, modeling dependence when the outcomes are discrete random variables can
be challenging since traditional methods for detecting serial dependence in regression
residuals are often ineffective[5]. The need for modeling discrete response time series
has become increasingly prevalent in a wide range of fields, such as econometrics,
actuarial science, finance, public policy assessment, environmental science, and disease
incidence modeling. Considerable progress has been made over the past two decades
in developing models for discrete-valued time series, the GLARMA is one of them.

The GLARMA term encapsulates the fundamental nature of the models under
consideration, which can be understood as a synthesis of generalized linear (GL) and
autoregressive moving average (ARMA) models. The state process in GLARMA mod-
els depends linearly on covariates and non-linearly on past values of the observed
process. Given the state process, the observations are independent and follow a distri-
bution from the exponential family, which can accommodate three distributions such
as Poisson, Negative binomial, and Binomial.[6] Therefore, GLARMA models offer a
flexible framework for modeling complex, non-linear relationships between covariates
and discrete response variables, which could offer valuable insights for our project.

This thesis examines the GLARMA (generalized linear autoregressive moving av-
erage) time series model utilizing a dataset from car accident count data that occurred
in Finland and attempts to fit a GLARMA model and based on this model forecast
future car accidents in Finland. To assess the performance of the model, a compar-
ison is made with ARMAX models, and the most optimal model is selected as the
final choice. This can provide valuable insights for stakeholders including insurance
companies to develop effective strategies toward their goals.

2 Methods

2.1 Model Formulation

The generalized linear autoregressive moving average (GLARMA) models have been
introduced to encompass a wide range of observation-driven models. While there isn’t
a single model class that includes all of them, GLARMA models serve as a relatively
comprehensive category[7]. The following is a summary of the model.

Let Yt be a time series of counts comprised of values of the discrete random vari-
ables {Yt : t = 1, ..., n} where, yt represents a specific value of the response variable at
a particular time point. xt be an observed p-dimensional vector of regressors available
at the time t and n is consecutive times at which the response and regressor series are
observed. Let Wt be the historical information available on the response series and
past and present information on the regressors. In GLARMA model The distribution
of response variable Yt conditional on Wt is assumed to be an exponential family of
the form.

f(yt|Wt) = exp{ytWt − atb(Wt) + ct} (1)
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While equation eq(1) is not the fully general form of the exponential family, it en-
compasses several popular and useful distributions. It can be easily adapted to include
other response distributions or more general specifications of link functions[5]. An ex-
ample of such an extension is the use of the negative binomial response distribution.

f(yt|Wt, α) =
Γ(αt + yt)

Γ(α)Γ((yt + 1)

[
α

α+ µt

]α [
µt

α+ µt

]yt

(2)

Where µt is the mean of the distribution. It includes an extra parameter α which
controls the degree of overdispersion in the distribution. As alpha approaches infinity,
the negative binomial density approaches and converges to the Poisson density

f(yt|Wt) =
eµtµt

yt

yt!
. (3)

The state process in the GLARMA model depends linearly on covariates and non-
linearly on the past value of the observed process

Wt = xT
t β + Zt. (4)

The general form of the GLARMA model can be described by specifying Zt as an
autoregressive moving average recursion of the form [6]

Zt =

p∑
i=1

ϕiZt−i +

q∑
i=1

θiet−i. (5)

It can be conceptualized as a combination of generalized linear and ARMA models.
The predictive residuals can be formulated as

et =
Yt − µt

ϑt
. (6)

Where ϑt is the scaling sequence to be selected

2.2 Model fit

we use maximum likelihood estimation to fit our model, utilizing iterative methods
such as Newton’s Raphson and Fisher scoring. For a response series consisting of n
successive observations yt(t = 1, 2.....n), and fixed initial conditions for the recursions,
we construct the likelihood as the product of the conditional density of Yt given Ft.[6]
This results in the log-likelihood corresponding to the specific distribution being used.

I(δ) =

n∑
t=1

log f(yt|Wt(δ)) (7)

The Glarma package[?] is designed to handle only two types of response distribu-
tions: binomial and Poisson. For these specific distributions, the log-likelihood can be
calculated[5]

I(δ) =

n∑
t=1

ytWt(δ)− atb(Wt(δ)) + ct. (8)

where, δ = (β, ϕ, θ) for the negative binomial response distribution the log-likelihood
is more complicated because shape parameter α also has to be estimated along with
the β, ϕ and θ we maximize the likelihood by starting from a suitable initial value of
the parameter δ and using a Fisher scoring iteration method.
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2.3 Selecting appropriate lags for the ARMA components

Determining the appropriate lags for the autoregressive (AR) and moving average
(MA) components in the GLARMA model is generally more challenging when dealing
with discrete-valued response data compared to the Gaussian series. In the case of the
Gaussian series, residuals obtained from the least squares model fitting process can
offer valuable insights into the relationship between data points using autocorrelation
and partial autocorrelation functions. However, when working with discrete-valued
responses in the GLM framework, the residuals from the GLM fit are often less helpful
in guiding the selection of the appropriate p and q values required to specify the
GLARMA model, especially when the dependence between data points is weak. It
would be better to utilize the GLM residuals to estimate the autocorrelation and
partial autocorrelation functions only if there are significant patterns observed in the
residuals[5]. It is recommended to start with low orders for both AR and MA. A once
stable estimation has been achieved for a lower-order specification, higher values of
AR or MA can be tried in order to achieve stability[6]. In our specific scenario, the
GLARMA model with phiLags and thetaLags of the same order 7 and 11 successfully
converged and resulted in the lowest AIC value.

2.4 Forecasting with GLARMA model

Forecasting future values of time series using discrete responses is not as advanced
as traditional ARMA or ARMAX models for continuous responses. For one-step-
ahead forecasts, the GLARMA model estimates the predictive distribution for Yn+1

by forecasting the state variable Wn+1 [5].

Wn+1 = x̂n+1β + Ẑn+1 (9)

Ẑn+1 =

p∑
j=1

ϕ̂jẐn+1−j +

q∑
j=1

θ̂j ên+1−j (10)

Where, Zn+1 is determined using the value Zt and et. The predictive distribution
for Yn+1 is estimated to be f(yt| Wn+1) where f is the density function of Equation(2).
Multi-step ahead forecasts are more complex, and complete enumeration of the sums
and products is often impossible. Simulation is a feasible approach for short-range
forecasting and is used in the glarma. package[8].

2.5 Glarma Package

The Glarma function is utilized to construct generalized linear autoregressive moving
average models that can accommodate multiple distributions such as Poisson, bino-
mial, and negative binomial. It can use Pearson residuals, score residuals, or identity
residuals for the binomial distribution to fit the model. Additionally, it estimates the
GLARMA model parameters by employing either Fisher scoring or Newton-Raphson
iteration[8]. The log link is implemented for Poisson and negative binomial response
distributions.

Glarma models are expressed symbolically with a typical structure of y (response)
and X (terms). The y vector represents the count response, while X denotes a set
of terms that define a linear predictor for the response. It is important to include a
vector of 1s as the first column of X to represent the intercept in the model. The
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initial parameters for the model consist of β, ϕ, θ, and an optional parameter α, which
is used for negative binomial models [8].

The package[8] also offers likelihood ratio and Wald tests which enables testing of
serial dependence in generalized linear model settings. Graphical diagnostics, such as
model fits, autocorrelation functions, and probability integral transform residuals, are
included in the package.

3 Data source and data processing

The data used in this study was Car accident data, retrieved from Statistics Finland
and the data was obtained from records of road traffic accidents involving personal
injury that were reported by the police to Statistics Finland. It has 239 observations
from 2003 to 2022. The explanatory variables included seasonal effects. The seasonal
effect was introduced as a categorical variable with four levels corresponding to the
seasons: winter, spring, and autumn keeping summer as a reference season. In addition
to this to increase the accuracy of the forecast number of days in the month, month
numbers are included as a data component. The trend of car accidents (Figure2) shows
that the number of car accidents is decreasing from 2003 to 2022.

Figure 2: Trend of car Accidents in Finland During 2003 - 2022

3.1 Statistical Methods

We employed the GLARMA modeling framework using the Glarma package in the
R statistical program, to analyze the historical time series of accident counts. The
choice of response distribution for the time series was based on the estimated value of
the shape parameter. If the shape parameter was found to be statistically significant,
a negative binomial distribution was selected to account for over-dispersion, which
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occurs when the data exhibits more variation than expected from a Poisson distribu-
tion. Conversely, if the shape parameter was not significant, a Poisson distribution
was chosen, assuming equal variance and mean, which is suitable for modeling count
data with low variability [9]. By selecting the appropriate distribution, the model can
effectively capture the underlying patterns in the data and can generate more accu-
rate forecasts. To assess whether the response demonstrated serial dependence, we
conducted two tests: the likelihood ratio test and the Wald test, both available in the
glarma package[5]. These tests help determine if there is a significant correlation be-
tween observations in the time series. The best model was determined using statistical
measures such as the Root Mean Square Error (RMSE) and the Akaike Information
Criterion (AIC). These measures provide valuable insights into the model’s predictive
performance and allow for the comparison of different models to identify the most
suitable one.

4 Result

Figure 3: Graph count versus Time where the Black dotted line represents the
observed data sets and the thick red line represents the estimated total number
of car accidents based on historical trends and current data using GLARMA
model

We utilized the Generalized Linear Auto-Regressive Moving Average (GLARMA)
model to analyze car accident data. To ensure the accuracy of our analysis, we carefully
determined the optimal order of auto-regressive and moving average parameters for the
GLARMA model. Subsequently, we visualized the comparison between the observed
data and the fitted GLARMA model in (Figure 3). Notably, we observed that the
GLARMA model closely follows the trend of the observation data.

To see the performance of the GLARMA model, we conducted diagnostic checks.
We plotted various diagnostic plots, including the Auto-Correlation Function (ACF)
(Figure5), Partial Auto-Correlation Function(PACF) plots(Figure 6), QQ plot(Figure
7), score residual plots(Figure 4, bottom right), and histograms of probability integral
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Figure 4: In the square, there are four distinct components. At the top left
corner, there is a graph that depicts the observed data (represented by a black
dotted line), the fitted graph (shown as a blue line), and the graph of the
GLARMA model (displayed as a red line). Moving to the top right corner, there
is a representation of the score residuals. At the bottom left corner, there is a
histogram that displays the uniform probability integral transform. Finally, at
the bottom right corner, there is another histogram that shows the randomized
residuals, and upon closer examination of the fitted graphs (Figure 2, top left)
noticed that the fitted curve also appeared to move in a similar pattern.

transform(Figure 4, bottom left)) and randomized residuals (Figure 4, bottom right).
The score residuals were found to be distributed between -0.6 and 0.8 (top right)(Figure
4) indicating good model performance and the histogram of the probability integral
transform displayed an almost uniform distribution. Furthermore, the histogram of
randomized residuals exhibited a near-Gaussian distribution.

Of particular interest was the ACF (Figure 5)and PACF(Figure 6) plots, which
showed that all the lags remained within the bounded region.

4.1 Fitted GLARMA model

GLARMA model was fitted with the Negative Binomial distribution using Phi and
theta lags of equal order 7 and 11. The model also incorporated independent vari-
ables, including an intercept term, the logarithm of days, and three seasonal variables
(summer, autumn, and spring) to account for seasonality. The summer month was
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Figure 5: ACF of randomized residuals of GLARMA model

Figure 6: PACF of randomized residuals of GLARMA model

used as the reference. The model can be expressed statistically as follows

E(Total accident | Wt) = exp

(
(5.47 + 2.65× logdayst − 0.44{seasont=winter} −

0.16× I{seasont=autumn} − 0.27× I{seasont=spring} − 0.02×Monthnumbert) +
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0.14× (Z{t−7} + e{t−7})− 0.19× (Z{t−11} + e{t−11})

)
. (11)

4.2 Model validation

In order to assess the predictive capabilities of the models the dataset is divided into a
training set and a test set. The training set comprises 8 years of sample data (2003 to
2011) and is used to construct the models. The test set spans 9 years of sample data
(2012 to 2021) and is employed to assess the predictive accuracy[10]. In each iteration,
the training set’s length increases by one year, while the test set’s length decreases
by one year, until reaching one year prior to the final data point. The forecasting
process commences by estimating the model using the training data. Subsequently, the
estimated model is utilized to generate one-step-ahead forecasts for the total number
of car accidents. To evaluate the accuracy of the forecasts, the predicted mean of
the total number of car accidents within a year is compared to the actual(True) total
number of car accidents in that year.

RMSE =

√√√√ 1

N

n∑
i=1

(Forecasti − Truei)2 (12)

To calculate the Root Mean Square Error (RMSE), we use Equation (14), which
involves computing the root mean of the difference between the forecasted number
of car accidents (Forecast) generated by our model and the actual number of car
accidents (True) available in the historical dataset. The model with the lowest Root
Mean Square Error (RMSE) and Akaike Information Criterion (AIC) values would be
considered the best model among the options.

5 Discussion

The primary aim of our study was to introduce a GLARMA modeling framework
for forecasting car accidents and assess the limitation and benefits of the approach.
GLARMA time series model that is specifically tailored for count data with discrete
response variables and can effectively address the issue of serial dependence in the
residuals. Traditional models such as ARMA, ARIMA, and SARIMA, which assume
continuous and normally distributed response variables, may not be suitable for mod-
eling the discrete nature of car accident data. Additionally, while GLM can capture
the relationship between the response and predictor variables, it may not adequately
capture the autocorrelation in the residuals, making it less ideal for modeling time
series data with serial dependence. To overcome these limitations, we opted for the
GLARMA (Generalized Linear Autoregressive Moving Average) model as a potential
solution. The GLARMA model combines the strengths of both GLM and ARMA,
allowing for the modeling of the conditional mean of the response variable through the
GLM component, and the conditional variance of the residuals through the ARMA
component. This makes it well-suited for capturing non-linear relationships between
the discrete response and predictor variables, while also addressing the issue of serial
dependence in the residuals[11]. In the first part of our study, we implemented the
GLARMA model on car accident data and conducted an analysis of its diagnostics
results. Initially, we fitted the model with the Poisson distribution, which resulted in
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Figure 7: QQ plot of randomized residuals

a large overdispersion value of 2.78 indicating poor model fit. To address this issue,
we switched to using the negative binomial distribution and found that the overdis-
persion value reduced to 1.71, which provided a better fit for the data and improved
the model’s performance. Our GLARMA model was fitted with autoregressive and
moving averages of the same orders 7 and 11, using the negative binomial distribution
and model fully conversed. Firstly, examining the output graphs of the GLARMA
model (Figure4, top left) revealed that the fitted curve( blue dotted line) and red
curve appeared to move in a similar fashion.

To understand this phenomenon, we try to clarify the interpretation of these
graphs, the fixed graphs provide an estimation of the fixed effect of the predictor
variables on the count of the response variables over time[8]. The fixed effect is calcu-
lated only from XTβ in contrast, the Glarma effect is calculated from both XTβ and
Zt.

Fitfixed = exp η = exp(XTβ) (13)

FitGlarma = expWt = exp(XTβ + Zt) (14)

In specific to our result; the fixed graph and the GLARMAmodel graph are moving
in a similar fashion(blue dotted line)(Figure4) (top left)), this suggests that the model
is consistent in capturing the underlying patterns in the data.

Score residuals represent the standardized residuals obtained by dividing the resid-
uals by the estimated standard deviation and score residuals fall within the range of
-0.6 to 0.8(4), which generally indicates the accuracy and consistency of the model’s
predictions. PIT is a statistical technique used to transform the random variable from
any arbitrary distribution into a uniform distribution[12]. In our case, the PIT his-
togram which closely resembles a straight line at the top with up and downs in certain
places, suggests how the model’s predicted probabilities are closer to the observed
data[5]. The nearly straight line pattern in the diagonal of the QQ plot(Figure 7) and
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Figure 8: Combined graph of observed and forecasted total number of car acci-
dents. The x-axis represents time, and the y-axis represents the total number of
car accidents. The black line represents the observed data, obtained from his-
torical records. The figure presented illustrates a comparison of three distinct
models used for forecasting the total number of car accidents. The first model,
”similar GLARMA,”(Blue line) is an ARMAX model that employs the same pa-
rameters as our GLARMA model. The second model, ”best minimum,”(Green
line) uses the minimum lags possible to fit the model and is also an ARMAX
model. The third and final model, ”our GLARMA,”(Red line) is the GLARMA
model that we developed in our work.

a nearly Gaussian-shaped histogram of randomized residuals indicate that residues are
nearly normally distributed[13].

The Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF)
are essential tools in analyzing autocorrelation in time series data. The GLARMA
model output revealed that all the lag values in both the ACF and PACF fall within the
bounded region, indicating the absence of significant autocorrelation in the residuals[14].
This suggests that the model has effectively captured the temporal dependence in
the data, and the residuals exhibit characteristics of independent and identically dis-
tributed random variables. Moreover, it implies that the model accurately accounts for
serial correlation, and there are no discernible patterns in the residuals. This valuable
information enables us to assess the adequacy of the model and validate its assump-
tions. Additionally, the p-value (0.422) of the L-Jung box test further confirmed that
the residuals are white noise, and there is no autocorrelation in the residuals of the
fitted model[15].

To investigate whether serial dependence was present in our response, we utilized
the likelihood ratio and Wald test which is available in glarma package. Specifically, it
compared the likelihood of each model with that of a GLM model possessing the same
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regression structure [5]. For both tests, the null hypothesis was the absence of serial
dependence, with the GLM model being sufficient. On the other hand, the alternative
hypothesis was the presence of serial dependence. We evaluated the statistics obtained
from these tests against the chi-squared distribution, where the degrees of freedom were
determined by the number of ARMA parameters[5]. The results of the Likelihood ratio
test and Wald test with p values 2e-16 for both tests support that the model follows
the GLARMA processes, as opposed to a Generalized Linear Model (GLM) with the
same regression structure.

Figure 9: The figure presented above shows the seasonal forecast of the total
number of car accidents from 2020 to 2026. The graph represents the four sea-
sons of the year; winter is denoted by red spots, spring by black, autumn by
blue, and summer by yellow. It is evident from the graph that the highest num-
ber of car accidents occurs in the summer months, whereas the lowest number
of car accidents is reported during the winter months.

As part of our investigation into the potential of the GLARMA model, we initially
examined its goodness of fit, which resulted in an AIC value of 1468.9. To further ex-
plore its potential, we conducted additional analyses by fitting two ARMAX models:
one called ”similar GLARMA,” with the same parameters as the GLARMA model,
and another called ”best minimum,” which used the minimum possible lags. All three
models were employed to forecast the total number of car accidents from December
2021 to December 2025, with a one-month forecast horizon. The forecast compari-
son, presented in the single graph (Figure 8), reveals similar patterns among all three
models in terms of the forecasted values (represented by the dark region of the graph).
Additionally, the forecast results from both ARMAX models exhibit comparable sea-
sonal patterns, such as an increase in accidents during the summer and a decrease
during the winter, as depicted in (Figure 15) and (Figure 16).

To validate the model’s performance, we decided to divide the data into training
and test sets. The models were fitted using the training data, and their forecasting
capabilities were evaluated on the test data. The total number of accidents was fore-
casted for a one-year horizon, and the results were presented in a single graph (Figure
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Table 1: AIC and RMSE of three models
Metric GLARMA SimilarGLARMA Best Minimum
AIC 1468.9 1497.9 1510.8

RMSE 18.8 25.7 36.0

10) alongside the true number of accidents. The GLARMA model (red line) achieved
the lowest root mean squared error (RMSE) of 18.8, indicating comparatively better
predictive accuracy. Its corresponding Akaike Information Criterion (AIC) value was
1468.9. The similar GLARMA model (blue line) yielded an intermediate RMSE of
25.7, with an AIC value of 1497.9. Another model with the minimum lags (best mini-
mum) had a higher RMSE of 36.0 and an AIC value of 1510.8. These metrics provide
insights into the accuracy and fit of the models for forecasting accidents. We analyze
ACF(Figure 11) (Figure 13) and PACF (Figure 12) (Figure 14) of both ARAMX mod-
els and both reveal that there is no autocorrelation in residuals and all lags are within
the bounded region. However, considering the RMSE and AIC values, we favored
the GLARMA model over the other ARMAX models. Additionally, we argue that
the GLARMA model is the most suitable among the three since it assumes a discrete
response, which aligns well with our dataset.

The car accident data for Finland exhibits a fluctuating pattern in the number
of accidents over the years and months. The forecast data (Figure 9), (Figure 15)
and (Figure 16) shows that accidents tend to peak during the summer months, from
June to August, and decrease during the winter months, from December to February.
The pattern of car accidents in Finland can be influenced by various risk factors,
such as weather conditions, time of day, driver behavior, road condition, driver age
and experience, vehicle type, and location. Finland’s severe winters, with heavy snow
and icy roads, make driving more dangerous and increase the risk of accidents, but the
number of cars on the roads tends to decrease during these extreme weather conditions.
In contrast, the summer months typically have better weather conditions and longer
daylight hours, leading to an increase in traffic volume and a higher risk of accidents.
The holiday season, long daylight, and pleasant weather can encourage gatherings and
activities, increasing the likelihood of alcohol consumption while driving and adding
to the risk of accidents. A study in Finland showed that a tire’s tread pattern depth of
less than 1.6 mm was 3 times more likely to result in a fatal crash than a depth of 3.5
mm or above. A low albeit legal tread pattern depth (1.6 to 4 mm) increased the risk of
an accident by 40 %[16].In addition to this, the traffic injury research foundation 2017
reported that winter tires outperform all-season tires and it is strictly implemented in
Finland from December to February. Thus we can argue that winter tires can be a key
possible measure to control the number of accidents during winter. The forecast for
car accidents in Finland emphasizes the risk of accidents during the summer months.
It can be recommended that adhere to tire tread pattern depth of more than 2 mm
even in summer and mandatory implementation of winter tires during the winter and
strict traffic safety measures in all seasons to reduce the number of car accidents in
Finland.

Finally, the total number of car accidents and insurance claims are closely related
since a car accident can result in insurance claims [17, 18, 19, 20]. The GLARMA
modeling framework could be a promising possibility in insurance. From our study
it is revealed that the total number of accidents will be higher in summer due to
increased traffic volume, there are likely more insurance claims in summer.
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Figure 10: The figure presented above illustrates the yearly forecast results of
three models ”GLARMA”, ”similarGLARMA” and best minimum, which are
utilized to predict the total number of car accidents. The x-axis represents the
months, while the y-axis represents the forecasted total number of accidents.
The black line represents the actual number of accidents, where each black
point corresponds to the sum of true accidents within a year. The red line
corresponds to the forecast generated by the GLARMA model, the blue line
represents the forecast from the similarGLARMA model, and the green line
indicates the forecast from the best minimum model. Moving along the x-axis,
each step signifies one month, and the accumulation of the 12-month forecast
results is represented by a single point on the graph.

6 Conclusion

In summary, this study utilized the Glarma package to explain the GLARMAmodeling
framework and apply it to forecast future car accidents in Finland. Additionally, com-
pare the forecast result with the other two ARMAX models. The GLARMAmodel was
chosen due to its ability to handle count data with discrete. The model was fitted with
the same autoregressive and a moving average order of 7 and 11, using the negative
binomial distribution. The model’s diagnostics results, including score residuals, PIT
histogram, ACF, PACF, AIC(1474.3), and RMSE (18.8) suggest that the GLARMA
model outperforms the ”similar GLARMA” and ”best minimum” ARMAX models, as
indicated by its lower AIC value of 1468.9 compared to 1497.9 and 1510.8, respectively.
Moreover, the absence of significant autocorrelation in the residuals suggests that the
model is able to account for serial correlation, and there are no discernible patterns in
the residuals. The L-Jung box test further supports that the residuals are white noise.
Forecast data reveal that accidents tend to peak during the summer months, from
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June to August, and decrease during the winter months, from December to February.
The summer months report a higher total number of accidents, attributed to increased
traffic volume due to the holiday season. It is reasonable to argue that winter tires
could be the key reason that could potentially lead to a reduction in the number of
car accidents during the winter. Overall, the GLARMA model provides comparatively
better performance for forecasting car accidents in Finland. The findings of our study
can have implications for policymakers in formulating effective road accident policies,
as well as for insurance companies in predicting accidents and evaluating the likelihood
of future non-life insurance claims.
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Appendix1

Figure 11: ACF of model exactly similar parameter as our GLARMA model

Figure 12: PACF of the model exactly similar parameter as our GLARMA
model
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Figure 13: ACF of the best model with minimum lags possible

Figure 14: ACF of best model with minimum lags possible
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Figure 15: Forecast of the ARMAX model exactly similar to the GLARMA
model

Figure 16: Forecast of ARMAX model with best minimum lags
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Appendix2

##########################################################
#Rcode∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
l ibrary ( glarma )
l ibrary ( ggp lot2 )
data new=read . csv ( ” Finn i shAcc idents . csv ” ,na . s t r i n g s = ” . . ” )
#View( data new)
head (data new)
data new1=data new [ 0 : 2 3 9 , ]
View (data new1)
head (data new)
summary(data new)
s t r (data new)
# Create an empty data frame
df <− data . frame (month = rep (month . name , 120 ) , year= rep

(2003 :2022 , each = 12) , days = numeric (120) )
# I t e r a t e through the years and months and ge t the number o f

days
counter = 1
for ( y in 2003 :2022) {

for ( i in 1 : 12 ) {
start date <− as . Date ( paste0 (y , ”−” , i , ”−01” ) )
i f ( i == 2) {

i f ( y %% 4 == 0 && ( y %% 100 != 0 | | y %% 400 == 0) ) {
end date <− as . Date ( paste0 (y , ”−” , i , ”−29” ) )

} else {
end date <− as . Date ( paste0 (y , ”−” , i , ”−28” ) )

}
} else i f ( i %in% c ( 4 , 6 , 9 , 11 ) ) {

end date <− as . Date ( paste0 (y , ”−” , i , ”−30” ) )
} else {

end date <− as . Date ( paste0 (y , ”−” , i , ”−31” ) )
}
df$days [ counter ] <− as .numeric (end date − start date ) + 1
df$year [ counter ] <− y
df$month [ counter ] <− month . name [ i ]
counter <− counter + 1

}
}
# Print the data frame
print (df )
head (df )
View (df )
new df<−df [ 0 : 2 3 9 , 2 : 3 ]
head (new df )
acc ident data <− cbind (data new1 , new df )
head ( acc ident data )
View ( acc ident data )
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boxplot ( acc ident data$Total )
boxplot ( acc ident data$speed . l im i t . . 5 0km. h . or . l e s s )
boxplot ( acc ident data$year )
boxplot ( acc ident data$days )
s t r ( acc ident data )
# Print the new data frame
#View( acc iden t data )
log days=log ( acc ident data [ ”days” ] )
log days<−log days [ 0 : 2 3 9 , ]
length ( log days )

acc ident data <− cbind ( acc ident data , log days )
head ( acc ident data )
summary( acc ident data )
month <− gsub ( ”ˆ\\d+M(\\d+)$” , ”\\1” , acc ident data$X)
month
# Convert month to numeric and r ep l a c e non−numeric va l u e s wi th

NA
month <− as .numeric (month , na .rm = TRUE)

#( F i r s t t r i a l )Add a new column ”Season” wi th 0 f o r sp r ing and
1 f o r winter

acc ident data$winter <− i f e l s e (month %in% c ( 1 : 2 , 12) , 1 , 0)
acc ident data$autumn <− i f e l s e (month %in% c ( 9 : 1 1 ) , 1 , 0)
acc ident data$ sp r ing <− i f e l s e (month %in% c ( 3 : 5 ) , 1 , 0)
#∗∗∗∗
head ( acc ident data )
View ( acc ident data )
#acc iden t data
############################# Fi t t i n g trend l i n e
obs <− ts ( acc ident data$Total , start = c (2003 , 10) , deltat = 1

/12)
plot ( obs )
F1=1: length ( obs )
F2=log (F1)
###################################################
# Add a new column ”Season” wi th 1 f o r September and October ,

and 1 f o r November , December , January ,
#February , and March . A l l o ther months w i l l have 0 .
#acc iden t data$Season <− i f e l s e (month %in% c (9 , 10) , 1 , i f e l s e

(month %in% c (11 , 12 , 1 :3 ) , 1 , 0) )
#t a b l e ( acc iden t data$Season , month )
# Print the updated data frame
print ( acc ident data )
head ( acc ident data1 )
View ( acc ident data1 )

boxplot ( acc ident data [ 2 ] )
head ( acc ident data1 )
y <− acc ident data [ , 2 ] #pr e d i c t i v e v a r i a b l e
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y1 <− acc ident data1 [ , 2 ]
head ( y1 )
head (y )
#acc iden t data1 <− cb ind ( acc iden t data1 , 1 )
months number<−1 :239 # inc l u s i on o f month number
acc ident data1<−cbind ( acc ident data1 , months number )
#acc iden t data1<−cb ind ( acc iden t data1 , 1 )
head ( acc ident data1 )
View ( acc ident data1 )
#acc iden t data1<−cb ind ( acc iden t data1 , 1 ) # adding i n t e r c e p t
#colnames ( acc iden t data1 ) [6]=” In t e r c e p t ”
#colnames ( acc iden t data1 )#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
#View( acc iden t data1 )
X1 <− as .matrix ( acc ident data1 [ , c ( 6 , 7 , 8 , 9 , 12 ) ] )# matrix o f the

dependent v a r i a b l e
#X1 <− as . matrix ( acc iden t data1 [ , c (6 ,7 ,8 ,9 ,12 ,13) ] )
View(X1)
X2<−cbind (X1 , 1 ) # adding i n t e r c e p t
colnames (X2) [6 ]= ” In t e r c ep t ”
colnames (X2)
#X <− as . matrix ( cb ind ( acc iden t data [ , c (4 ,6 ,7 ,8) ] , a cc iden t

data [ ,7 ]+ acc iden t data [ , 8 ] ) )# matrix
#of the dependent v a r i a b l e
#View(X2)
X2
head (X2)
#summary( acc iden t data )# l o g o f days does not work w e l l ( year

not s i g n i f i c a n t wh i l e us ing )
head ( acc ident data1 [ , c ( 6 , 7 , 8 , 9 , 12 ) ] )
#head (X2)
#View(X2)
length (X)
length ( y )
head (y )
#Glarma model
head (X2)
colnames (X2) [6 ]= ” In t e r c ep t ”
glarma model1 . 2 <− glarma (y1 ,X2 , phiLags=c (7 , 11 ) , type = ”

NegBin” ,method = ”FS” , residuals = ”Score ” ,
a l pha In i t = 0 , maxit = 30 , grad = 1e−6)
summary( glarma model1 . 2 )

#windows ( width=9, h e i g h t=6)
par (mfrow = c ( 2 , 2 ) )
set . seed (321)
plot ( glarma model1 . 2 )
plot ( glarma model1 . 2 ,which=7:10)
###∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗Box t e s t ∗∗∗∗∗∗∗∗∗∗∗∗

∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
l ibrary ( s t a t s )
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l ibrary ( zoo )

rt <− normRandPIT( glarma model1 . 2 )$rt
Box . t e s t ( rt , l ag = 25 , type = ”Ljung−Box” , f i t d f = 0)#p−va lue

= 0.8523

####∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
par (mfrow = c ( 1 , 1 ) )
plot ( obs , ylab = ”Total acc ident ” , l t y = 2 , main = ”Observed Vs

GLARMA” )
l ines ( f itted , lwd = 2 , col=”red ” )
##∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
par (mfrow = c ( 1 , 1 ) )
plot ( obs , ylab = ”Total acc ident ” , lwd=2, main = ”Total car

acc ident ” , col=”black ” )
points ( obs , col=”red ” , pch = 19)
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗Forecast∗∗∗∗∗∗∗∗∗∗∗∗
#%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
library ( zoo )
######################################Generate New Data

##############################
# Create an empty data frame
df1 <− data . frame (month = rep (month . name , 1 2 ) , year= rep

(2022 :2025 , each = 12) , days = numeric (48) )
# I t e r a t e through the years and months and ge t the number o f

days
counter = 1
for ( y in 2022 :2025) {

for ( i in 1 : 12 ) {
start date <− as . Date ( paste0 (y , ”−” , i , ”−01” ) )
i f ( i == 2) {

i f ( y %% 4 == 0 && ( y %% 100 != 0 | | y %% 400 == 0) ) {
end date <− as . Date ( paste0 (y , ”−” , i , ”−29” ) )

} else {
end date <− as . Date ( paste0 (y , ”−” , i , ”−28” ) )

}
} else i f ( i %in% c ( 4 , 6 , 9 , 11 ) ) {

end date <− as . Date ( paste0 (y , ”−” , i , ”−30” ) )
} else {

end date <− as . Date ( paste0 (y , ”−” , i , ”−31” ) )
}
df1$days [ counter ] <− as .numeric (end date − start date ) + 1
df1$year [ counter ] <− y
df1$month [ counter ] <− month . name [ i ]
counter <− counter + 1

}
}
# Print the data frame
print ( df1 )
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head ( df1 )
#View( df1 )
new df1<−df1 [ 1 2 : 4 8 , ]
View (new df1 )
#head (new df1 ) # number o f days
acc ident data4 <− new df1
head ( acc ident data4 )
View ( acc ident data4 )
s t r ( acc ident data4 )
# Print the new data frame
#View( acc iden t data )
log days4=log ( acc ident data4 [ ”days” ] )
log days4<−log days4 [ 1 : 3 7 , ]
length ( log days4 )
acc ident data4 <− cbind ( acc ident data4 , log days4 )
head ( acc ident data4 )
View ( acc ident data4 )
month <− gsub ( ”ˆ\\d+M(\\d+)$” , ”\\1” , acc ident data4$month)
month
# Convert month to numeric and r ep l a c e non−numeric va l u e s wi th

NA
#month <− as . numeric (month , na . rm = TRUE)
acc ident data4$month <− to lower ( acc ident data4$month)
# Define a func t i on to map month names to corresponding

numeric va l u e s
month to number <− function (month) {

months <− c ( ” january ” , ” f ebruary ” , ”march” , ” a p r i l ” , ”may” ,
” june ” ,

” j u l y ” , ” august ” , ” september ” , ” october ” , ”
november” , ”december” )

match(month , months )
}
# Convert month to numeric
month <− sapply ( acc ident data4$month , month to number )
#acc iden t data4$month <− as . numeric ( acc iden t data4$month , na .

rm = TRUE)
#Add a new column ”Season” wi th 0 f o r spr ing and 1 f o r winter
acc ident data4$winter <− i f e l s e (month %in% c ( 1 : 2 , 12) , 1 , 0)
acc ident data4$autumn <− i f e l s e (month %in% c ( 9 : 1 1 ) , 1 , 0)
acc ident data4$ sp r ing <− i f e l s e (month %in% c ( 3 : 5 ) , 1 , 0)
#∗∗∗∗
head ( acc ident data4 )
View ( acc ident data4 )
#acc iden t data
month number4<−240:276
month number4
# inc l u s i on o f month number
View( acc ident data4 )
acc ident data4<−cbind ( acc ident data4 , month number4 )
head ( acc ident data4 )
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View( acc ident data4 )
acc ident data4<−cbind ( acc ident data4 , 1 )
colnames ( acc ident data4 ) [9 ]= ” In t e r c ep t ”
colnames ( acc ident data4 )
View ( acc ident data4 )
X4 <− as .matrix ( acc ident data4 [ , c ( 4 , 5 , 6 , 7 , 8 , 9 ) ] )# matrix o f

new independent v a r i a b l e
#View(X4)
########################################End new data genera te

########
#######################∗∗∗Monthy f o r e c a s t GLARMA∗∗∗∗

################
#View(X4)
XT1 <− as .matrix (X4 [ 1 : 3 6 , ] )
colnames (XT1) [6 ]= ” In t e r c ep t ”
f o r e c a s t glarma5 <− f o r e c a s t . glarma ( glarma model1 . 2 , n . ahead

=36, newdata=XT1, newo f f s e t = rep (0 , 36 ) )
f o r e c a s t glarma5
print ( f o r e c a s t glarma5$mu)
glarma f o r e c a s t<−f o r e c a s t glarma5$mu
print ( glarma f o r e c a s t )
###########################################################
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗Train Test Model v a l i d a t i o n∗∗
#########################%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
##################fo r e c a s t one year ahead f o r GLARMA Model#
True acc ident <− vector ( )
length ( seq (108 , 239−11 , by = 1) )
p r ed i c t i o n start vector=seq (108 , 239−11 , by = 1)
True acc ident <− rep (NA, length ( p r ed i c t i on start vector ) )
Forecast acc ident glarma <− rep (NA, length ( p r ed i c t i on start

vector ) )
for ( i in 1 : length ( p r ed i c t i on start vector ) ) {

new element <− sum( acc ident data1 [ p r ed i c t i o n start vector [ i
] : ( p r ed i c t i on start vector [ i ] + 11) , 2 ] )

# True acc iden t <− c (True acc ident , new element )
True acc ident [ i ] <− new element
model1 . 2<−glarma ( y1 [1 : (106+ i ) ] ,X2[1 : (106+ i ) , ] , phiLags=c

(7 , 11 ) , type = ”NegBin” ,method = ”FS” ,
residuals = ”Score ” , a l pha In i t = 0 , maxit = 30 , grad = 1e−6)
a l lX1<−X2 [ ( i +107) : ( i +107+11) , ]
mu<−f o r e c a s t . glarma (model1 . 2 , n . ahead=12, newdata=allX1 ,

newo f f s e t = rep (0 , 12 ) )$mu
#1: ( p r e d i c t i on s t a r t v e c t o r [ i ]−1)
#pr ed i c t i on s t a r t v e c t o r [ i ] : ( p r e d i c t i on s t a r t v e c t o r [ i ] +

11)
Forecast acc ident glarma [ i ]<−sum(mu)

}
print ( Forecast acc ident glarma )
print (True acc ident )
plot (True acc ident )

28



l i n e ( Forecast acc ident glarma )
##################################End yea r l y f o r e c a s t f o r

glarma########
########################################################
##################################Forecast y ea r l y f o r s im i l l a r

GLARMA####
View( acc ident data4 )
View ( acc ident data1 )
True acc ident <− vector ( )
length ( seq (108 , 239−11 , by = 1) )
p r ed i c t i o n start vector=seq (108 , 239−11 , by = 1)
True acc ident <− rep (NA, length ( p r ed i c t i on start vector ) )
Forecast s im i l l a r glarma <− rep (NA, length ( p r ed i c t i on start

vector ) )
for ( i in 1 : length ( p r ed i c t i on start vector ) ) {

# i=2
new element <− sum( acc ident data1 [ p r ed i c t i o n start vector [ i

] : ( p r ed i c t i on start vector [ i ] + 11) , 2 ] )
# True acc iden t <− c (True acc ident , new element )
True acc ident [ i ] <− new element
F6<−cbind ( acc ident data1 [ , c ( 6 , 7 , 8 , 9 , 12 ) ] , 1 )
s im i l l a r glarma1 . 3<−arima ( acc ident data1$Total [1 : (106+ i ) ] ,

f i x e d=c ( 0 , 0 , 0 , 0 , 0 , 0 ,NA,0 , 0 , 0 ,NA,NA,NA,NA,NA,NA,NA) ,
order=c (11 , 0 , 0 ) , optim . control=l i s t ( maxit=1000) ,
transform . pars = FALSE, xreg=F6 [1 : (106+ i ) , ] , i n c lude .mean=
FALSE)

new data <− cbind (as .matrix ( acc ident data1 [ ( i +107) : ( i
+107+11) ,c ( 6 , 7 , 8 , 9 , 12 ) ] ) , 1 )

p r ed i c t i on<−predict ( s im i l l a r glarma1 . 3 , newxreg = new data , h
=1)$pred

Forecast s im i l l a r glarma [ i ]<−sum( p r ed i c t i on )
}
print ( Forecast s im i l l a r glarma )
################################
###############################fo r e c a s t Best minimum

##################################
True acc ident <− vector ( )
length ( seq (108 , 239−11 , by = 1) )
p r ed i c t i o n start vector=seq (108 , 239−11 , by = 1)
True acc ident <− rep (NA, length ( p r ed i c t i on start vector ) )
Forecast bes t minimum <− rep (NA, length ( p r ed i c t i on start

vector ) )
for ( i in 1 : length ( p r ed i c t i on start vector ) ) {

new element <− sum( acc ident data1 [ p r ed i c t i o n start vector [ i
] : ( p r ed i c t i on start vector [ i ] + 11) , 2 ] )

# True acc iden t <− c (True acc ident , new element )
True acc ident [ i ] <− new element
#F5
#head (F5)
s im i l l a r glarma1 . 4<−arima ( acc ident data1$Total [1 : (106+ i ) ] ,
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order=c (10 , 0 , 5 ) , optim . control=l i s t ( maxit=1000) , xreg=F6
[1 : (106+ i ) , ] , i n c lude .mean=FALSE)

#al lX1<−X2 [ ( i +107) : ( i +107+11) , ]
new data <− cbind (as .matrix ( acc ident data1 [ ( i +107) : ( i

+107+11) ,c ( 6 , 7 , 8 , 9 , 12 ) ] ) , 1 )
p r ed i c t i on1<−predict ( s im i l l a r glarma1 . 4 , newxreg = new data ,

h=1)$pred
#1: ( p r e d i c t i on s t a r t v e c t o r [ i ]−1)
#pr ed i c t i on s t a r t v e c t o r [ i ] : ( p r e d i c t i on s t a r t v e c t o r [ i ] +

11)
Forecast bes t minimum [ i ]<−sum( p r ed i c t i on1 )

}
print ( Forecast bes t minimum)

############################True c a l c u l a t i o n s imp ler##########
#True acc iden t <− vec t o r ( )
#fo r ( i in seq (2 , l e n g t h (True ) − 10 , by = 12) ) {
# new element <− sum(True [ i : ( i + 11) ] )
# True acc iden t <− c (True acc ident , new element )
#}
#pr in t (True acc iden t )
##############################################################
##############################################################
#############################%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
####################∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗Compare wi th the ARMAX

model∗∗∗∗∗
head ( acc ident data1 [ , c ( 6 , 7 , 8 , 9 , 12 ) ] )
F5<−cbind ( acc ident data1 [ , c ( 6 , 7 , 8 , 9 , 12 ) ] , 1 )
# inc l ude the i n t e r c e p t l i n e
head (F5)
dim(F5)
#p=F5 [ 1 : 2 3 9 , ]
#p=acc iden t data1 [ 1 : 239 , nrow=6]
#head (p )
#dim(p )
#l en g t h ( acc i den t data1$Tota l )
#trend2=arima ( acc iden t data1$Total , xreg=F5 , inc l ude .mean=FALSE)

#,optim . con t r o l= l i s t ( maxit=1000) )
#res2=r e s i d u a l s ( trend2 )
#p l o t ( res2 )
#ac f ( res1 ,30 )
#pac f ( res1 ,30 )
#trend2 curve=(acc iden t data1$Tota l )−res2
#trend2 curve
#p l o t ( trend2 curve )
#TSGraphs = func t i on ( s e r i e s , l a g s=30 ){
# layou t ( 1 : 3 )
# par (mar = c (3 , 4 , 1 , 1) )
# p l o t ( s e r i e s )
# ac f ( s e r i e s , l a g s )
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# pacf ( s e r i e s , l a g s )
# layou t (1)
#}
#Z1 = t s ( trend2 curve , s t a r t=c (2003 ,1) , f requency=12)
#TSGraphs ( trend2 curve )
#TSGraphs ( d i f f ( trend2 curve ) )
#trend2 curve=Z1
#f i x e d=c (0 ,0 ,0 ,0 ,0 ,0 ,NA,0 ,0 ,0 ,NA,NA)
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗ARMAX model comparision∗∗∗∗∗∗∗∗

∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
##############################################################
head ( acc ident data1 [ , c ( 6 , 7 , 8 , 9 , 12 ) ] )
F5<−cbind ( acc ident data1 [ , c ( 6 , 7 , 8 , 9 , 12 ) ] , 1 )
# inc l ude the i n t e r c e p t l i n e
head (F5)
dim(F5)
#############################################################
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗ARMAX with Same l a g s same

cond i t i on as glarma model∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
l ibrary ( f o r e c a s t )
m1.10<−arima ( acc ident data1$Total , f i x e d=c ( 0 , 0 , 0 , 0 , 0 , 0 ,NA

,0 , 0 , 0 ,NA,NA,NA,NA,NA,NA,NA) , order=c (11 , 0 , 0 ) , optim .
control=l i s t ( maxit=1000) , transform . pars = FALSE, xreg=F5 ,
i n c lude .mean=FALSE)

#m1.10<−arima ( acc iden t data1$Total , f i x e d=c (0 ,0 ,0 ,0 ,0 ,0 ,NA
,0 ,0 ,0 ,NA,NA,NA,NA,NA,NA,NA,NA,NA,NA,

NA,NA,NA,NA,NA) , order=c (25 , 0 , 0 ) , optim . control=l i s t ( maxit
=1000) , transform . pars = FALSE, xreg=F5 , i n c lude .mean=FALSE)

m1.10
AIC(m1. 1 0 )
e r r o r s s im i l a r GLARMA = residuals (m1. 1 0 )
a c f ( e r r o r s s im i l a r GLARMA,24 )
pac f ( e r r o r s s im i l a r GLARMA,24 )
head ( acc ident data4 [ , c ( 4 , 5 , 6 , 7 , 8 , 9 ) ] )
new data <− data . frame (F5 = as .matrix ( acc ident data4 [ , c

( 4 , 5 , 6 , 7 , 8 , 9 ) ] ) )
#head (new data )
# Generate a f o r e c a s t us ing the ARMAX model and the new data
peed i c t i on11 <− predict (m1. 10 , newxreg = new data , h=1)
pred1=peed i c t i on11$pred
pred1
#Box . t e s t
Box . t e s t ( e r r o r s s im i l a r GLARMA, lag=20, type=”Ljung−Box” , f i t d f =

2)
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗

∗∗
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗ b e s t ARMAX model wi th the minimum

l a g s∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
m1.2 <− arima ( acc ident data1$Total , order=c (11 , 0 , 5 ) , optim .

control=l i s t ( maxit=1000) , xreg=F5 , i n c lude .mean=FALSE)
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e r r o r s bes t minimum= residuals (m1. 2 )
a c f ( e r r o r s bes t minimum ,24 )
pac f ( e r r o r s bes t minimum ,24 )
AIC(m1. 2 )
p r ed i c t 2=predict (m1. 2 , newxreg = new data )
pred2=pred i c t 2$pred
pred2
#Box . t e s t
Box . t e s t ( e r r o r s bes t minimum , lag =20, type=”Ljung−Box” , f i t d f =

2)
############################################################
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗RMSE∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
length (True acc ident )
length ( Forecast acc ident glarma )
mean(True acc ident )
mean( Forecast acc ident glarma )
# Compute the RMSE of your same parameter o f glarma model
rmse1 <−sqrt (mean( ( True acc ident − Forecast s im i l l a r glarma )

ˆ2) )
print ( rmse1 )#25.79226

# compute RMSE of b e s t model wi th minimum l a g s
rmse2 <− sqrt (mean( ( True acc ident − Forecast bes t minimum) ˆ2) )
print ( rmse2 )#36.06311

#Compute the RMSE of our glarma model
rmse3 <− sqrt (mean( ( True acc ident − Forecast acc ident glarma )

ˆ2) )
print ( rmse3 )#18.81097

#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗Monthly Forecast comparison p l o t s o f

t h r e e model ∗∗∗∗∗∗∗∗∗∗∗∗∗
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
pred1<−ts ( pred1 , start = c (2022 ,12) , deltat = 1/12)
pred1
pred2<−ts ( pred2 , start = c (2022 ,12) , deltat = 1/12)
pred2
glarma f o r e c a s t<−ts ( glarma f o r e c a s t , start = c (2022 ,12) , deltat

= 1/12)
glarma f o r e c a s t
Total acc ident<−ts ( acc ident data$Total , start = c (2003 ,1) ,

deltat = 1/12)
#index <− as . yearmon ( index ( pred1 ) )

################∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
plot ( Total acc ident , xl im=c (2003 ,2026) , ylab=”Total acc ident ” ,

type = ” l ” , l t y = 1 , col =
”black ” , lwd = 2 ,Main=”Forecast compar is ion ” )
l ines ( x = pred1 , type = ” l ” , l t y = 1 , col = ”blue ” , lwd = 3)
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l ines ( x = pred2 , type = ” l ” , l t y = 1 , col = ”green ” , lwd = 3)
l ines ( x = glarma f o r e c a s t , type = ” l ” , l t y = 1 , col = ”red” ,

lwd = 3)
points ( Total acc ident , pch = 19 , col = ”black ” )

t i t l e (main = ”Monthly Forecast GLARMA Models” )

for ( i in seq along ( index ) [ −1]) {
grid ( col = ”gray” , l t y = ”dotted ” )
x1 <− as .numeric ( index [ i − 1 ] )
x2 <− as .numeric ( index [ i ] )
y1 <− par ( ” usr ” ) [ 3 ]
y2 <− par ( ” usr ” ) [ 4 ]
l ines (c ( x1 , x2 ) , c ( y1 , y2 ) , col = ”gray” , l t y = ”dotted ” )

}

legend ( ” t op r i gh t ” , legend ( ” t op r i gh t ” ,
legend = c ( ” S im i l a r GLARMA (Blue ) ” , ”Best Minimum (

Green ) ” , ”GLARMA( red ) ” , ”Observation ( Black ) ” ) ,
legend = c ( ” S im i l a r GLARMA (Blue ) ” , ”Best Minimum (

Green ) ” , ”GLARMA( red ) ” , ”Observation ( Black ) ” ) ,
col = c ( ” blue ” , ” green ” , ” red ” , ” black ” ) ,
l t y = 1 , pch = c (NA,NA,NA,19 ) , pt . cex = 1 . 8 ,
cex = 0 . 8 , x . i n t e r s p = 0 . 5 ,
x ju s t = 2 , y ju s t =2, bty = ”n” ,
lwd = c (2 , 3 , 3) )

######################################################

##################p l o t o f the montly f o r e c a s t comparision
###########################################

#s t a r t date <− as . Date(”2012−01−01”)
#end date <− as . Date(”2023−05−28”)
#date sequence <− seq ( s t a r t date , end date , by = ”month”)
#index <− as . Date ( index )

plot (True acc ident , xlab=”Time (month) ” , ylab=”Forecast ” , yl im=c
(85 ,330) , type = ” l ” , l t y = 1 , col = ”black ” ,

lwd = 2)
l ines ( x = Forecast s im i l l a r glarma , type = ” l ” , l t y = 1 , col =

”blue ” , lwd = 3)
l ines ( x = Forecast bes t minimum , type = ” l ” , l t y = 1 , col = ”

green ” , lwd = 3)
l ines ( x = Forecast acc ident glarma , type = ” l ” , l t y = 1 , col =

”red ” , lwd = 3)
points (True acc ident , pch = 19 , col = ”black ” )
points ( Forecast acc ident glarma , pch = 19 , col = ”red” )
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#ax i s (1 , a t = index , l a b e l s = format ( index , ”%Y−%b”) , cex . a x i s
= 0.9 , l a s = 2)

t i t l e (main = ” year ly Forecast Comparison” )
legend ( ” t o p l e f t ” ,

legend = c ( ” Forecast s im i l l a r glarma ( Blue ) ” , ” Forecast
bes t minimum(Green ) ” ,

” Forecast glarma ( red ) ” , ”True acc ident ( Black ) ” ) ,
col = c ( ” blue ” , ” green ” , ” red ” , ” black ” ) ,
l t y = 1 , pch = c (NA,NA,19 , 19 ) , pt . cex = 1 . 8 ,
cex = 0 . 8 , x . i n t e r s p = 0 . 5 ,
x ju s t = 0 . 5 , y ju s t =0.5 , bty = ”n” ,
lwd = c (2 , 3 , 3) )

#
###############################################################

########################%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗ p l o t t i n g the Forecast wi th po in t s in

seasons ∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
######################∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗

##########################
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗Forecast season GLARMA∗∗∗∗∗∗∗∗

∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗
#i n s t a l l . packages (” s c a l e s ”)
l ibrary ( s c a l e s )
l ibrary ( zoo )
glarma f o r e c a s t<−ts ( glarma f o r e c a s t , start = c (2022 ,12) , deltat

= 1/12)
glarma f o r e c a s t
l ibrary ( s c a l e s )
# Convert index to year−month format
index <− as . yearmon ( index ( glarma f o r e c a s t ) )

# Plot f o r e c a s t wi th months in X−ax i s
plot ( glarma f o r e c a s t , y lab = ”Forecast ( Total car acc ident ) ” ,

l t y = 1 ,
main = ”Forecast GLARMA” , xaxt = ”n” )

l ines ( glarma f o r e c a s t , col = ”red” , lwd = 2)
points ( glarma f o r e c a s t )

# Add X−ax i s wi th months and years
#ax i s (1 , a t = index , l a b e l s = format ( index , ”%Y”) , cex . a x i s =

0 .9 )
axis (1 , at = index , labels = format ( index , ”%Y−%b” ) , cex . axis

= 0 . 9 )
# Add d iagona l l i n e s to X−ax i s
#fo r ( i in seq a long ( index ) [−1]) {
# gr i d ( co l = ”gray ” , l t y = ” do t t ed ”)
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# x1 <− as . numeric ( index [ i − 1 ] )
# x2 <− as . numeric ( index [ i ] )
# y1 <− par (” usr ”) [ 3 ]
# y2 <− par (” usr ”) [ 4 ]
# l i n e s ( c ( x1 , x2 ) , c ( y1 , y2 ) , c o l = ”gray ” , l t y = ” do t t ed ”)
#}

winter month <− c ( ”December” , ”January” , ”February” )
sp r ing month <− c ( ”March” , ”May” , ”Apr i l ” )
autumn month <− c ( ”September” , ”October” , ”November” )
summer month <− c ( ”June” , ” July ” , ”August” )

points ( glarma f o r e c a s t ,
pch = i f e l s e ( format ( index , ”%B” ) %in% winter month , 17 ,

i f e l s e ( format ( index , ”%B” ) %in% spr ing
month , 17 ,

i f e l s e ( format ( index , ”%B” ) %in%
autumn month , 17 ,

i f e l s e ( format ( index , ”%B” ) %
in% summer month , 17 , 1)
) ) ) ,

col = i f e l s e ( format ( index , ”%B” ) %in% winter month , ”
red ” ,

i f e l s e ( format ( index , ”%B” ) %in% spr ing
month , ” black ” ,

i f e l s e ( format ( index , ”%B” ) %in%
autumn month , ” blue ” , ” orange ” )
) ) ,

bg = i f e l s e ( format ( index , ”%B” ) %in% autumn month , ”
blue ” , NA) )

# Add legend f o r winter , spr ing , autumn , and summer po in t s
legend ( x = ” t o p l e f t ” , y = 1 , legend = c ( ”winter ” , ” sp r ing ” , ”

autumn” , ”summer” ) ,
pch = c (17 , 17 , 17 , 17) ,
col = c ( ” red ” , ” black ” , ” blue ” , ” orange ” ) ,
pt . cex = 1 . 5 , cex = 0 . 8 , x . i n t e r s p = 0 . 5 , bty = ”n” )

##%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%

#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗ f o r e c a s t seasons s im i l l a r glarma∗∗∗∗∗∗∗∗∗∗
∗

pred1<−ts ( pred1 , start = c (2022 ,12) , deltat = 1/12)

# Convert index to year−month format
index <− as . yearmon ( index ( pred1 ) )

# Plot f o r e c a s t wi th months in X−ax i s
plot ( pred1 , ylab = ”Forecast ( Total car acc ident ) ” , l t y = 2 ,
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main = ”Forecast s im i l a r GLARMA” , xaxt = ”n” )
l ines ( pred1 , col = ”blue ” , lwd = 2)
points ( pred1 )

# Add X−ax i s wi th months and years
axis (1 , at = index , labels = format ( index , ”%Y−%b” ) , cex . axis

= 0 . 9 )

# Add winter and summer po in t s
winter month <− c ( ”December” , ”January” , ”February” )
sp r ing month <− c ( ”March” , ”May” , ”Apr i l ” )
autumn month <− c ( ”September” , ”October” , ”November” )
summer month <− c ( ”June” , ” July ” , ”August” )

points ( pred1 ,
pch = i f e l s e ( format ( index , ”%B” ) %in% winter month , 17 ,

i f e l s e ( format ( index , ”%B” ) %in% spr ing
month , 17 ,

i f e l s e ( format ( index , ”%B” ) %in%
autumn month , 17 ,

i f e l s e ( format ( index , ”%B” ) %
in% summer month , 17 , 1)
) ) ) ,

col = i f e l s e ( format ( index , ”%B” ) %in% winter month , ”
red ” ,

i f e l s e ( format ( index , ”%B” ) %in% spr ing
month , ” black ” ,

i f e l s e ( format ( index , ”%B” ) %in%
autumn month , ” blue ” , ” orange ” )
) ) ,

bg = i f e l s e ( format ( index , ”%B” ) %in% autumn month , ”
blue ” , NA) )

# Add legend f o r winter , spr ing , autumn , and summer po in t s
legend ( x = ” t o p l e f t ” , y = 1 , legend = c ( ”winter ” , ” sp r ing ” , ”

autumn” , ”summer” ) ,
pch = c (17 , 17 , 17 , 17) ,
col = c ( ” red ” , ” black ” , ” blue ” , ” orange ” ) ,
pt . cex = 1 . 5 , cex = 0 . 8 , x . i n t e r s p = 0 . 5 , bty = ”n” )

######################################################
#∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗Forecast season Best Minimum∗∗∗∗∗∗∗∗∗∗∗∗∗∗∗

∗∗∗∗∗∗∗∗∗∗
pred2<−ts ( pred2 , start = c (2022 ,12) , deltat = 1/12)

# Convert index to year−month format
index <− as . yearmon ( index ( pred2 ) )

# Plot f o r e c a s t wi th months in X−ax i s
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plot ( pred2 , ylab = ”Forecast ( Total car acc ident ) ” , l t y = 2 ,
main = ”Forecast Best Minimum” , xaxt = ”n” )

l ines ( pred2 , col = ”green ” , lwd = 2)
points ( pred2 )

# Add X−ax i s wi th months and years
axis (1 , at = index , labels = format ( index , ”%Y−%b” ) , cex . axis

= 0 . 9 )
# Add d iagona l l i n e s to X−ax i s

# Add winter and summer po in t s
winter month <− c ( ”December” , ”January” , ”February” )
sp r ing month <− c ( ”March” , ”May” , ”Apr i l ” )
autumn month <− c ( ”September” , ”October” , ”November” )
summer month <− c ( ”June” , ” July ” , ”August” )

points ( pred2 ,
pch = i f e l s e ( format ( index , ”%B” ) %in% winter month , 17 ,

i f e l s e ( format ( index , ”%B” ) %in% spr ing
month , 17 ,

i f e l s e ( format ( index , ”%B” ) %in%
autumn month , 17 ,

i f e l s e ( format ( index , ”%B” ) %
in% summer month , 17 , 1)
) ) ) ,

col = i f e l s e ( format ( index , ”%B” ) %in% winter month , ”
red ” ,

i f e l s e ( format ( index , ”%B” ) %in% spr ing
month , ” black ” ,

i f e l s e ( format ( index , ”%B” ) %in%
autumn month , ” blue ” , ” orange ” )
) ) ,

bg = i f e l s e ( format ( index , ”%B” ) %in% autumn month , ”
blue ” , NA) )

# Add legend f o r winter , spr ing , autumn , and summer po in t s
legend ( x = ” t o p l e f t ” , y = 1 , legend = c ( ”winter ” , ” sp r ing ” , ”

autumn” , ”summer” ) ,
pch = c (17 , 17 , 17 , 17) ,
col = c ( ” red ” , ” black ” , ” blue ” , ” orange ” ) ,
pt . cex = 1 . 5 , cex = 0 . 8 , x . i n t e r s p = 0 . 5 , bty = ”n” )

###################################################
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