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Application of forecasting methods to passenger  
traffic volume and load factor prediction:  

Wizz Air airlines case study

Zastosowanie metod prognozowania do przewidywania 

For passenger traffic forecasting on the testing dataset, the best perfor

methods. In contrast, the weakest results are observed for the trend model. 

ble forecasting performance. Forecasting results for the load factor differ slightly 

from those for passenger volumes. Overall, all models achieve improved accuracy 

 

able patterns over time. The most accurate forecasts for load factor are produced by 

the highest forecasting errors.

casting

Synopsis. 

prognozowania wybranych metod szeregów czasowych w przewidywaniu ruchu 
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klasycznych metod prognozowania szeregów czasowych, w tym metody naiwne, 

 

 

ami prognozowania.

C01, C32, R42

Introduction

the past two decades has fundamentally transformed the structure of the air transport 

In the 2024/2025 financial year, it carried over 60 million passengers and operated a fleet 

of more than 200 Airbus A320/A321 family aircraft (www.wizzair.com). Such rapid 

expansion makes accurate forecasting of passenger demand and load factor a critical 

component of revenue management, route network optimization, and capacity planning.

North Africa, and Central Asia. Established in 2003, the airline has grown to become one 

spoke networks.

enue, and operational efficiency. The airline’s route network connects major, secondary, 

and underserved airports, particularly catalyzing air connectivity for emerging markets 

growth, driven by network expansion, increased flight frequencies, and entry into new 

markets. Its passenger transportation figures have regularly grown as the airline expands 

on high load factors (percentage of occupied seats), a key performance indicator in pas

senger transportation. Higher load factors improve yield and spread fixed operational 

costs over more passengers.
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In choosing this airline, the authors also took into account that despite disruptions 

adjustments, route realignment, and disciplined cost controls. This resilience supported 

Forecasting passenger traffic and load factor is a highly complex task due to the influ

ence of numerous exogenous factors (fluctuations in fuel prices, exchange rates, macro

economic conditions, geopolitical events, pandemics, and tourism seasonality) as well 

as endogenous factors (the carrier’s pricing policy, marketing activities, schedule changes, 

and network effects).

The objective of this paper is to analyze and compare the effectiveness of selected 

Air as a case study over the period 2015–2025. The analysis employs publicly available 

historical data from the airline (monthly and quarterly reports published on relations.

the focus is only on the historical passenger and load factor data.

The paper is structured as follows: a literature review on forecasting in air trans

port, a description of the data and research methodology, presentation of empirical results 

The primary research question is: which forecasting methods perform best under 

business model.

Forecasting in air transport

Accurate demand forecasting is a critical component of air transport planning 

and management, influencing decisions related to fleet sizing, route development, crew 

scheduling, infrastructure investment, and revenue management. Time series forecast

ing methods are widely applied in this domain due to the availability of historical data 

on passenger volumes, air traffic movements, and cargo flows. Among these methods, 

 

horizons.

of the most established statistical approaches for time series forecasting in air transport. 

models are powerful, they require careful identification of model orders and assumptions 
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of linearity and stationarity, which may limit their performance during structural breaks 

Holt’s exponential smoothing method, especially the Holt linear trend model, pro

vides an alternative approach that explicitly captures level and trend components in time 

series data. This method assigns exponentially decreasing weights to past observations, 

allowing it to adapt relatively quickly to changes in growth patterns. In air transport fore

casting, Holt’s method has been applied to passenger traffic and airport throughput data 

ier to implement, making it attractive for operational forecasting. However, its reliance 

on smooth trend extrapolation may reduce accuracy when demand exhibits abrupt changes 

term forecasting and are valuable for evaluating the incremental benefit of more complex 

models. In air transport research, they are commonly used as baseline comparators when 

assessing advanced statistical or machine learning approaches.

horizon, and operational objectives, and in practice, comparative evaluation is essential 

review, analyzed passenger demand forecasting techniques ranging from econometric 

models to deep neural networks and hybrid approaches, considering factors affecting load 

factor (e.g., seasonality, fuel prices). The authors discussed advantages and limitations 

 

ever, for preliminary estimation, simpler models can provide initial information, and their 

results are often comparable to more advanced methods. As it was proved, these clas

In planning passenger traffic and LCC cargo transport, various methods are used that can 

somehow approximate final forecasts, although this can be difficult, as many unexpected 

events can affect the actual outcomes. It is impossible to predict various causes of air 

traffic closures or cases such as a pandemic, but still forecasting is a base for planning 

and achieving financial profitability. It is particularly important to estimate these param

intentionally follow an overbooking policy because one of the most important business 

indicators is the load factor, which is the occupancy of seats on a given flight.
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Research methodology and analysis

of passengers and load factor for the period from April 2014 to April 2025. The original 

data set has been divided into two parts: train and test. The train dataset contained records 

set to assess the accuracy of forecasts. The basic descriptive statistics for passengers 

a very high result for the airline.

Table 1. Basic descriptive statistics of analyzed variables

Tabela 1. Podstawowe statystyki opisowe analizowanych zmiennych 

Average

2569229.00

Standard deviation

Kurtosis –0.79 2.90

Skewness

Range

6203673

Source: own preparation

Naïve methods

assumption is no significant changes in the analyzed process. This method is quite easy 

to implement and can be used successfully when small random fluctuations are observed 

in the analyzed variable, but at the same time, the quality of forecasts is rather low.

 (1)

where:

 – the forecast of the variable Y for the period ,

   y –1 – the value of the forecast variable Y in the period –1.
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Trend model

The second group of methods used in the paper was the trend model, where the time 

variable is the explanatory variable. The time variable represents the influence of unknown 

factors on the analyzed variable and provides the possibility to describe those changes 

using the time variable. The basic trend model looks like:

ε= + =   (2)

where:

( ) – time (trend) function,

 – random variable.

The first step is to determine the function form (i.e., linear, quadratic), and the second 

is to determine its parameters. The most popular and, at the same time, most used form 

of trend function is a linear function:

 (3)

Using linear approximation in many situations can be considered too much of a sim

α α α α= + + >  (4)

The quadratic form has three parameters, thanks to which the model has higher flexi

ARIMA class model

a very numerous group of time series models and are constructed based on the auto

, , q) means that the final model contains an autore

gressive process (order ), a moving average (order q), and is integrated to degree  

and can be written as:

α ε β ε β ε− − − −∆ = + ∆ + + ∆ + + + +  (5)

the second one, the Hyndman–Khandakar algorithm was used. In the first step of the algo

rithm, the number of differences is determined using repeated KPSS tests. In the second 
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step, the values of  and q are determined in an iterative approach trying to minimize 

the AICc value. The Hyndman–Khandakar algorithm can be described as follows:

Step 2. The values of  and q are then chosen by minimizing the AICc after differencing 

the data  times.

a)  Four initial models are fitted:

,1).

A constant is included unless 

,0) without a constant.

b)  The best model (with the smallest AICc value) fitted in step (a) is set to be the “current 

model”.

c)  Variations on the current model are considered:

 – vary  and/or q from the current model by ±1,

 – include/exclude  from the current model.

The best model considered so far (either the current model or one of these variations) 

becomes the new current model.

d)  Repeat Step 2(c) until no lower AICc can be found.

Holt’s linear model

The Holt model can be used to predict the time series with a trend factor:

( )( )α α
− − − −

= + − +
 (6)

( ) ( )β β− − − −= + + +
 (7)

where:

F –1 – the smoothed value of the predicted variable 1,

S –1 – the smoothed value of the trend increase at –1,

,  – the model parameters with values between 0 and 1.

The values of ,   

ters and the best combination is selected to produce the forecasts based on the average 

error of 

formula is used:

where:

 – forecast value of variable Y,

Fn – the smoothed value of the predicted variable,

Sn – the smoothed value of the trend increment.
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Winters model

or decrease in the data, seasonal fluctuation, and random fluctuation. In the literature, two 

versions of the model are available. For the additive version, the formula is as follows:

( ) ( )( )α α
− − − − − −

= − + − +  (9)

 (10)

( ) ( )γ γ− − − − −= − + −  (11)

For multiplicative version:

( ) ( )α α−

− − −

− −

= + − +  (12)

( ) ( )β β− − − −= − + +  (13)

 (14)

where:

F –1 – smoothed value after eliminating seasonal fluctuations,

S –1 – smoothed value of the trend increase,

C –1 – assessment of the seasonality index,

, ,  – the parameters for the trend level, trend changes and seasonal fluctuations, 

respectively (0–1).

After setting the model parameters, to produce forecasts in the additive version when 

n, the forecasts are calculated using the formula:

 (15)

 (16)

used (i.e., additive or multiplicative) in the analysis. It can be done based on the nature 

of the seasonality components. If the seasonal component remains at a similar level, 

it could be treated as a hint to select the additive model. Otherwise, when the seasonal 

component is not stable (increased or decreased), then the multiplicative version should 

be considered in the analysis.
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In the paper, to determine model accuracy, the mean absolute percentage error 

n
t t

ti

y y
MAPE

n y
 (17)

scaled to percentage units, making it easier to understand.

Results and discussion

Based on the calculations of each predictive model and using data obtained directly 

for all applied methods in order to visualize the differences between the forecasts. They 

were presented separately for both variables: the passenger number forecasts and load 

factor predictions.

Wizz Air passengers transportation

age error sizes. This assessment is crucial for determining the reliability of forecasts. 

into predictive performance – the lower the error value, the better the predictive perfor

In the literature, it is rare to find such a wide comparison of the results of so many 

models at once on one dataset. Researchers usually compare two or three methods in var

ious environmental conditions or focus on just one. According to other authors, e.g., 

ing passenger demand, which partly confirms the authors’ findings. Those models are 

in some cases extremely effective, especially when combined. On the other hand, Verma 
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linear model performs very well for passenger demand forecasting relative to alterna

as the main forecasting method to predict monthly passenger volumes and demonstrated 

how traditional statistical time series methods perform in capturing historical patterns 
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Figure 1. Forecasts created by analyzed models for passenger variable

Source: own preparation

7.347795

Holts linear 7.943642

12.77354

3.35356

Trend model

Source: own preparation
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passenger demand data and examined forecasting performance and challenges in vol

sonal forecasts) within aviation contexts, illustrating how classical statistical models fare 

against structural changes in demand patterns.

Wizz Air load factor

Taking into account the variable load factor, the results turned out to be slightly dif

 

40

50

60

70

80

90

100

1
.4

.2
0

1
4

1
.1

0
.2

0
1

4

1
.4

.2
0

1
5

1
.1

0
.2

0
1

5

1
.4

.2
0

1
6

1
.1

0
.2

0
1

6

1
.4

.2
0

1
7

1
.1

0
.2

0
1

7

1
.4

.2
0

1
8

1
.1

0
.2

0
1

8

1
.4

.2
0

1
9

1
.1

0
.2

0
1

9

1
.4

.2
0

2
0

1
.1

0
.2

0
2

0

1
.4

.2
0

2
1

1
.1

0
.2

0
2

1

1
.4

.2
0

2
2

1
.1

0
.2

0
2

2

1
.4

.2
0

2
3

1
.1

0
.2

0
2

3

1
.4

.2
0

2
4

1
.1

0
.2

0
2

4

1
.4

.2
0

2
5

naive auto_arima

my_arima trend

Holt Winters_add

Winters_mult load_factor

Figure 2. Forecasts created by analyzed models for load factor

Source: own preparation

and training 9.120).

Load factor forecasting is commonly addressed using time series methods, as LF 

exhibits temporal dependence, trend behavior, and often strong seasonality. Among 
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implications for load factor planning, showing that smoothing models often provide sta

ble forecasts suitable for capacity utilization analysis.

Holts linear

1.704027

10.232627

Trend model

1.497741

3.144627 4.917345

Source: own preparation

which is also consistent with our findings. According to  

marks against neural networks, forecast accuracy is linked to load factor optimization, 

and they noted that classical models capture recurring utilization patterns effectively 

Concluding remarks

The purpose of this paper was to evaluate and compare the forecasting accuracy 

of selected time series methods in predicting passenger traffic volume and load factor. 

The final modeling framework relied exclusively on historical passenger volumes and load 

factor data, excluding external explanatory variables. The study applied several classical 

in both additive and multiplicative forms. Forecasting performance was assessed using 

For passenger traffic forecasting on the testing dataset, the best performance 

In contrast, the weakest results are observed for the trend model. In the training phase, 
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indicating strong and stable forecasting performance. Forecasting results for the load 

factor differ slightly from those for passenger volumes. Overall, all models achieve 

improved accuracy in load factor prediction, suggesting that load factor exhibits more 

regular and learnable patterns over time. The most accurate forecasts for load factor are 

yields the highest forecasting errors.

airline context. The study did not take into account many external factors that other, more 

 2022). Each 

author has their own calculations and conclusions depending on the data used, the specif

ics of the airline, the period under study, and the particular forecasting needs. At the same 

time, authors who conducted a systematic analysis of research results in recent years also 

emphasize the wide range of methods developed. Traditional statistical methods (e.g., 

plemented or replaced by advanced machine learning techniques (including Random For

Lundaeva et al. 

tested on data from Chinese airlines. The results demonstrate the superiority of deep learn

advanced methods are needed for such modeling. Therefore, the next steps in research, 

depending on the purpose of the forecast and the acceptable level of forecast error, should 

also include complex models and techniques related to neural networks.
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