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Abstract

Background/Objectives: Measles is a highly contagious viral disease that continues to have
a profound effect on morbidity in Romania. Identifying temporal and spatial trends in how
the disease spreads among the country’s counties and regions, both in the same disease
generation as well as one generation apart (2-week case lag), aided by forecasting tools,
could provide valuable insights into tailoring public health interventions. Methods: A big
data analysis has been performed on notified measles cases from January 2020 to December
2024 using Python v3.13 grouping cases based on location (using the Nomenclature of
territorial units for statistics) and time of the onset of the disease. Results: Feedback loops
among both counties and macroregions have been identified (for example Centru-Bras, ov
and Bucures, ti-Ilfov with a correlation factor of 0.77) while monthly forecasting for 2025
and 2026, explored using both the SARIMA and the Holt-Winters models (MAE 1616.74
and 1281.99, respectively), shows the measles might continue to be a burden, with the
Holt–Winters models exhibiting slightly more reliable monthly forecast data nationwide,
helping to define a solid basis for future predictions and decisions. Conclusions: The
spatial feedback loops, both interregional or within the same region, coupled with the trend
of lowering vaccination rates, contribute to the persistent emergence of new measles cases
which might continue throughout 2025 and 2026 based on the forecasting, distinct from
previous outbreaks which followed a specific cadence.

Keywords: measles; epidemiological modelling; forecasting new cases

1. Introduction
Measles, caused by the Morbillivirus, is a highly contagious viral disease that primarily

affects the respiratory system but extends its impact throughout the body. The pathophysi-
ological journey of measles begins when the virus enters the host through the respiratory
tract or conjunctiva, typically via aerosolized droplets from an infected individual which
remain viable on surfaces for up to two hours [1], establishing circumstances that allow the
disease to become endemic.
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The current measles epidemic in Romania has reemerged as a pressing public health
issue, underscoring the complexities of managing and predicting infectious disease. De-
spite significant advancements in vaccination and healthcare strategies globally, Romania
has experienced notable challenges in curbing the spread of measles, not unlike other
countries worldwide which experience concerning global shifts in attitudes regarding the
vaccinations programmes [2]. These challenges are further intensified by socio-economic
disparities and logistical barriers in accessing vulnerable populations, as well as insufficient
knowledge regarding the epidemiology, disease burden, and potential complications of
measles [3].

Romania currently reports the highest number of measles cases in the European region,
accounting for about 87% of all registered cases during the current outbreak [4]. Resurging
in late 2022, after most of the COVID-19 related restrictions were lifted, the current measles
outbreak in Romania has known a significant incidence throughout 2023 [5] and 2024,
displaying an unusually extended pattern of disease transmission.

1.1. Epidemiology and Disease Generations

In the study of infectious diseases, the concept of ‘generations’ offers a framework
to understand how infections propagate through populations over time [6]. Each disease
generation represents a cycle of transmission, starting from the index case (the first detected
case) spreading onward to subsequent hosts. Analyzing disease generations provides
insights not only into the epidemiological patterns of an outbreak but also into the fac-
tors influencing its trajectory, including human behaviour, environmental variables, and
healthcare interventions.

A disease generation refers to the period between the onset of infection in one group
and the subsequent transmission to another group. It captures the chain of infections,
allowing epidemiologists to map how diseases spread, evolve, and interact within popula-
tions. This concept is central to understanding the dynamics of infectious disease outbreaks,
including their velocity, severity, and potential for containment.

Measles, known for its high reproduction number (R0) [7], can lead to explosive out-
breaks where each generation amplifies the disease’s spread significantly. Population immu-
nity, achieved through vaccination or prior exposure, significantly impacts the progression
of disease generations. High immunity levels slow down or even halt the transmission,
reducing the chances of subsequent generations emerging. Conversely, low immunity
levels can result in a fast-paced spread, where each generation grows exponentially.

Environmental conditions such as temperature, humidity [8], and population density
can influence how diseases evolve across generations. Dense urban environments, for
example, facilitate faster transmission cycles [9], whereas rural areas, with lower population
density, often experience slower generational growth. Human behaviour and societal
factors, including vaccine uptake which had a steady 3–5% decline in coverage due to the
COVID-19 pandemic [10], mobility patterns, and adherence to public health measures,
also play a crucial role. Similarly, increased travel and migration can accelerate the spread
across regions due to lower seroprotection [11], creating parallel chains of generations in
different areas.

1.2. Spatial and Temporal Modelling for Measles

Computational models have become pivotal tools in understanding the spatial and
temporal dynamics of such outbreaks, which should become mainstream tools used by
epidemiologists. Although they are often confronted with limitations in addressing un-
certainties and adapting to the nuanced realities in the field and continuous reassessment
is needed, they can still provide valuable insight into how an infectious disease spreads.
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Due to declining vaccination rates, a simulation model predicted measles may establish
endemicity [12].

Predicting the evolution trend of an epidemic outbreak, especially in the first disease
generations, in order to optimize the resource quantity and distribution, is a necessary con-
dition to keep the disease under control [13]. To tackle the outbreak effectively, spatial and
temporal modelling offers a powerful approach. By analyzing the geographic distribution
of cases over time, hotspots of transmission could be potentially identified, uncovering
patterns of disease spread, and predicting future trends. These insights can guide public
health interventions by targeting resources to areas with the highest risk [14]. Ecological
studies did not find any association between health system indicators and large measles
outbreaks in low- and middle-income countries [15] which further emphasizes the central
role of public health interventions.

Spatial analysis involves mapping the distribution of measles cases and correlating
them with demographic and environmental factors. For instance, researchers can analyze
how population density, vaccination rates, and mobility patterns influence the spread of
the disease. Temporal analysis examines how measles cases evolve over time, helping to
identify cycles and trends in transmission. By analyzing historical data alongside real-time
case reports, researchers can detect peaks in outbreaks and predict when the next surge
might occur. This temporal dimension is essential for planning vaccination campaigns and
allocating healthcare resources, although biases in case reporting may affect the modelling’s
fidelity [16].

The objective of this study is to analyze the inter-regional dependencies of measles
cases in Romania with the purpose of developing models for disease propagation. Addi-
tionally, this research aims to evaluate how forecasting, despite its challenges, can offer
valuable insights into the potential behaviour of measles throughout the years 2025 and
2026, thereby facilitating informed public health decision-making.

Although MMR vaccine coverage has been explored for subsets of administrative
regions [17], and descriptive analyses for measles outbreak have been conducted for other
countries [18,19], to our knowledge this study is the first to assess how measles spreads
among the Romania’s counties and macroregions.

Various models for measles transmission dynamics have been proposed based on
WHO data [20] or country specific data such as Finland [21] or Nepal [22]. In Bangladesh,
a link to the meteorological data has been explored for airborne diseases, including
measles [23]. For spatial and temporal modelling, the artificial intelligence can also play
an important role as in the United States of America a machine learning model has been
proposed for measles cases prediction [24].

2. Materials and Methods
A total of 29,149 entries in the Romania’s national database from 1 January 2020 to 31

December 2024 were considered for analysis using Python [25]. The data in the database
is consistent with the fields in the measles/rubella surveillance form [26] and collected
through EpiInfo [27] by the National Public Health Institute via the National Centre for
Communicable Diseases Surveillance and Control. Suspected measles cases are reported by
medical practitioners using the aforementioned surveillance form which includes clinical,
epidemiological, and laboratory testing data.

The data used in this study has been provided by the National Public Health In-
stitute and has been approved for study by the University ‘Dunărea de Jos’ Galat,i’s
ethics committee.

As a very large dataset which fits the big dataset definition [28] has been provided,
the software of choice for processing was Python v3.13, which, as a versatile programming
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language, is especially valuable in computational studies due to its extensive libraries and
frameworks tailored for data analysis, visualization, and model building. For instance,
libraries such as NumPy and Pandas [29] provide efficient tools for handling large datasets,
enabling epidemiologists to manage and preprocess outbreak data effectively. Python’s
Matplotlib v3.10.1 and Seaborn v0.13.2 [30] allow for the creation of sophisticated visu-
alizations, such as the heatmaps used to identify correlations in disease spread across
regions [31]. Unlike classic formulas, Python allows for integration of artificial intelligence
tools capable of handling big datasets as well as unstructured data [32]. Augmented analyt-
ics [33], which involve using artificial intelligence in some capacity, have only been used
for data cleaning and grouping before further assessment.

To assess the patterns in how the disease spreads, correlation matrices have been gen-
erated for the country’s 42 counties and also macroregions as defined by the Nomenclature
of Territorial Units for Statistics [34]. For this specific analysis, both the Pearson correlation
and Spearman’s rank were considered. Pearson correlation was preferred over Spearman’s
rank because the analysis involves weekly aggregated case counts for each county, which
are continuous and have meaningful differences in magnitude. Pearson measures the
strength and direction of linear relationships between these continuous variables, making it
ideal for detecting synchronized trends in case numbers across counties. In contrast, Spear-
man’s rank correlation is based on the ranks of the data and is more suitable for ordinal
or non-linear monotonic relationships. Additionally, the presence of many tied values in
aggregated count data can reduce the effectiveness of Spearman’s method. Overall patterns
remained consistent between the two methods.

Forecasting was performed using both the Seasonal Autoregressive Integrated Moving
Average (SARIMA) and Holt–Winters models, since measles cases might display seasonal
patterns to show potential monthly new measles cases throughout 2025 and 2026. These
models, unlike ARIMA or exponential smoothing, can also account for potential repeating
patterns and past data showed measles to exhibit both a climate seasonality (more cases in
the late winter–early spring period) as well as macro seasonality with outbreaks occurring
every few years. For the SARIMA model, the parameters used were (p,d,q) = (0,1,2)
and seasonal (P,D,Q,s) = (2,1,2,12) which were chosen by examining the time series for
stationarity, reviewing ACF/PACF plots, and selecting the model with the lowest AIC from
a grid search using auto-ARIMA. For the Holt–Winters model the additive method has
been used, with the smoothing parameters (for level, trend, and seasonality) automatically
optimized by minimizing the sum of squared errors during the fitting process.

To ensure the validity of the forecasting attempts, our time series needed to show
stationarity which refers to a statistical property of a time series where its mean, variance,
and autocorrelation structure do not change over time. In other words, a stationary time
series has consistent statistical properties throughout its length, making it predictable and
easier to model. Stationarity in this context is crucial for several reasons:

(i) Model Accuracy: Many forecasting models, such as ARIMA (AutoRegressive Inte-
grated Moving Average), assume that the time series data is stationary. If the data is
non-stationary, the model’s assumptions are violated, leading to inaccurate forecasts.

(ii) Simplification: Stationary time series are simpler to analyze and interpret. The con-
sistent statistical properties allow for the application of various statistical techniques
and models without the need for complex adjustments.

(iii) Predictability: A stationary time series is more predictable because its future values
are influenced by its past values in a consistent manner. This predictability is essential
for accurate forecasting of new measles cases, allowing public health officials to plan
and allocate resources effectively.
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(iv) Detection of trends and seasonality: Stationarity helps in identifying and removing
trends and seasonality from the data. Trends and seasonal patterns can obscure
the underlying patterns in the data, making it difficult to forecast accurately. By
transforming the data to achieve stationarity, these patterns can be isolated and
modelled separately.

3. Results
The measles cases included in our dataset conform to the case definition established by

the European Union [35] and 87.5% of the dataset contains either confirmed cases (18,853)
or probable cases (6650) based on clinical and epidemiological criteria. No entries with
missing dates of onset were identified.

3.1. Correlation Data

To explore regional dependencies, a correlation matrix for counties based on the case
counts grouped by the date of the onset was computed and graphically represented in a
heatmap (Figure 1).

Figure 1. Correlation matrix heatmap for counties based on case counts.



Healthcare 2025, 13, 2364 6 of 22

Counties with strong correlations are represented by warmer colours, while weaker
or negative correlations are shown in grey tones. Strong correlations (>0.7) can be found
for the following pairs: Bucures, ti-Bras, ov (0.82) and Timis, -Caras, Severin (0.71). As in this
correlation matrix, the patients’ symptoms of measles appeared around the same time, it
suggests a quick traversal may have occurred between the county pairs. In the Timis, -Caras,
Severin case, the quick traversal can be explained by the close proximity of the counties,
while Bucures, ti-Bras, ov makes for an interesting case as the counties are not closely related
but are both key points within Romanian’s transportation network, allowing for fast travel
to various points of interest around the country and enabling the spread of the disease
before a first generation of infection completes its cycle.

To further refine the relationship between the cases in each county, taking into account
an average of 14 days between the exposure to the measles virus and the rash debut
(10–12 days for the prodromal symptoms such as fever and 2–4 additional days for the
specific rash), a new correlation matrix for counties was processed based on the case counts
grouped by the date of the onset but with a 2-week lag to account for the new generations
of disease and how they may originate in other counties (Figure 2).

This heatmap highlights patterns of high and low correlations between counties,
allowing for easy identification of clusters or relationships with notable changes compared
to the same-generation correlation in Figure 1. The visualization identifies Timis, as an
outlier, showing the highest correlation with other counties. This suggests Timis, , due
to its proximity and role as a travel hub, is probably acting as a primary entry point for
new measles cases that quickly spread across the country by the second generation of
the disease.

Self-county correlation is anticipated, particularly in densely populated regions such
as Bucures, ti, Bras, ov, Ias, i, Constant,a, Ilfov, among others. These counties exhibit strong
temporal synchronization in their case onset patterns when shifted by 2 weeks, suggesting
similar outbreak progression trends. This clustering can be useful for targeting interventions
or investigating shared factors among these counties. Counties with lower correlation
values, such as Arges, , Vrancea, and Vaslui, show less synchronized dynamics, indicating
different outbreak characteristics or reporting patterns.

The analysis (Table 1) shows the pairwise correlations between counties based on a
2-week lag in onset dates based on the week of the onset. A county’s correlation coefficient
indicates the strength of its onset relationship with another county after two weeks. For
instance, BB (0.8157) and TM (0.6988) have strong correlations, while vs. (0.2051) and VN
(0.3451) have weaker ones. Counties with correlation values above 0.60 are considered
highly correlated.

Table 1. Computed correlation coefficients comparing the original onset time series with a 2-week
lagged version.

County Correlation Coefficients

Alba (AB) 0.673383
Arges, (AG) 0.348241
Arad (AR) 0.644655

Bucures, ti (BB) 0.815682
Bacău (BC) 0.506742
Bihor (BH) 0.476691

Bistrit,a-Năsăud (BN) 0.412772
Brăila (BR) 0.373768

Botos, ani (BT) 0.494454
Bras, ov (BV) 0.81864
Buzău (BZ) 0.473233
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Table 1. Cont.

County Correlation Coefficients

Cluj (CJ) 0.619963
Călăras, i (CL) 0.58358

Caras, -Severin (CS) 0.544218
Constant,a (CT) 0.758169
Covasna (CV) 0.578019

Dâmbovit,a (DB) 0.43225
Dolj (DJ) 0.577238
Gorj (GJ) 0.156206

Galat, i (GL) 0.561791
Giurgiu (GR) 0.433268

Hunedoara (HD) 0.441756
Harghita (HR) 0.515654

Ilfov (IF) 0.634831
Ialomit,a (IL) 0.48583

Ias, i (IS) 0.698422
Mehedint, i (MH) 0.109491

Maramures, (MM) 0.444753
Mures, (MS) 0.597134
Neamt, (NT) 0.685357

Olt (OT) 0.315898
Prahova (PH) 0.074978

Sibiu (SB) 0.683251
Sălaj (SJ) 0.37923

Satu Mare (SM) 0.206425
Suceava (SV) 0.711614
Tulcea (TL) 0.242318
Timis, (TM) 0.698783

Teleorman (TR) 0.512942
Vâlcea (VL) 0.599367

Vrancea (VN) 0.345114
Vaslui (VS) 0.205107

A high correlation in this context indicates that the case counts in these counties follow
a consistent temporal pattern. In other words, fluctuations in case numbers are reflected
in a similar way two weeks later, suggesting that the progression of the outbreak in these
counties is stable over that period. This can be an indication of sustained transmission
or reporting consistency over time, meaning that increases (or decreases) in cases tend to
propagate predictably after a two-week lag. Such insights can be helpful for anticipating
future trends and planning timely interventions.

The temporal trend in case counts for counties with high correlations (AB, AR, BB, TM)
(Figure 3) reveals the progression of case counts over time for each county, highlighting
similarities in peaks, troughs, and overall patterns. These trends provide insights into
the dynamics of the outbreak and the factors contributing to the observed correlations,
outlining a new unexpected trend: measles cases in Bucures, ti temporally precede those
from Timis, oara.

For improved readability, the temporal trends for low-correlation counties (AG, VN,
VS) (Figure 4) have been smoothed using a 7-day rolling average. This smoothing technique
reduces daily fluctuations, revealing clearer patterns in the progression of case counts over
time. Unlike the high-correlation counties, these do not adhere to a pattern.
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Figure 2. Heatmap visualization of the county correlation matrix based on the 2-week lag analysis.

 

Figure 3. Temporal trends in case counts for high-correlation counties.
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Figure 4. Smoothed temporal trends in case counts for low-correlation counties.

The county correlation heatmap also suggests a macroregional segregation of cases,
which will be explored next. The correlation matrix between macroregions, based on
the number of cases with a 2-week lag applied to the onset date (Figure 5), reveals the
relationships between macroregions in terms of case counts. For example, strong positive
correlations are observed between ‘Bucuresti-Ilfov’ and ‘Centru’ (0.77), and between ‘Sud-
Muntenia’ and ‘Centru’ (0.84). Conversely, weaker or negative correlations, such as between
‘Bucuresti-Ilfov’ and ‘Nord-Est’ (−0.05), indicate less synchronized case patterns.

Figure 5. Correlation matrix between macroregions of Romania (as defined by the Nomenclature of
Territorial Units for Statistics [34]).
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High-correlation pairs between macroregions have been extracted (Table 2) and each
time series is visualized for phenomena assessing (Figure 6).

 
Figure 6. The time series visualization for highly correlated macroregion pairs.
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Table 2. High-correlation pairs between macroregions.

Macroregion 1 Macroregion 2 Correlation

0 Bucuresti-Ilfov Centru 0.771869
1 Bucuresti-Ilfov Sud-Muntenia 0.716284
2 Centru Sud-Muntenia 0.844348
3 Centru Vest 0.733212
4 Nord-Est Sud-Est 0.783216
5 Nord-Vest Sud-Est 0.735064
6 Sud-Muntenia Vest 0.718307
7 Sud-Vest Oltenia Vest 0.725539

Each plot displays the trends in case counts for the two macroregions over time, allow-
ing for assessing their synchronous patterns and validating the high-correlation values.

The plotting allows for better understanding the feedback loops sustaining new
measles cases between Romania’s macroregions.

The first plot illustrates that the Centru macroregion (which includes Bras, ov) may
be acting as the source of new generations in the metropolitan area of Bucures, ti-Ilfov, as
indicated by the yellow plot preceding the blue one initially. However, in the second half
of 2024, this trend reverses, with the Centru macroregion generating new measles cases
internally, while the Bucures, ti-Ilfov region demonstrates improved case-control.

The second plot depicts the Bucures, ti-Ilfov region as the most likely origin of new
generations in Sud-Muntenia, aligning with the national traffic network infrastructure.

The third plot indicates that Sud-Muntenia may also be importing new cases from the
Centru macroregion, albeit to a lesser extent compared to Bucures, ti-Ilfov.

The fourth plot shows the Centru macroregion may be reintroducing cases into the
Vest area during the latter half of 2024, which was initially considered the primary source
of new cases in Romania, thereby creating an unfortunate feedback loop.

The fifth plot reveals that the Nord-Est region’s increase in measles cases is influenced
by the Sud-Est region. However, the case structure suggests a common source, although
statistical proof for this hypothesis is lacking.

The results are also shown graphically on the map by plotting the currents (Figure 7).

 

Figure 7. Correlations and directionality of the case generations throughout the macroregions of
Romania (as described by the Nomenclature of Territorial Units for Statistics [34]) in the current
measles outbreak (original map source: wikipedia.org [36]).

wikipedia.org
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3.2. Challenges in Forecasting New Measles Cases in Romania

Forecasting is a complex task, even with sufficient variables considered. However, it
can offer valuable insights into the potential progression of measles in Romania during
2025 and 2026. The country is currently experiencing a prolonged outbreak that differs
from previous ones, likely due to the post-COVID-19 pandemic context which includes
specific challenges such as low vaccination rates for children born in 2019–2020 and mea-
sures taken against COVID-19—indoor isolation, online courses, and the use of protective
equipment—that curtailed the 2016 measles outbreak that was still ongoing when COVID-
19 reached Romania in late February 2020.

Data were first prepared by grouping the date of onset by month (using the ISO month
boundaries) and counting the number of cases per month; also, ensuring the monthly time
series is continuous by filling in any months that might be missing with a zero count. A
time series visualization was generated to observe trends, seasonality, or abrupt changes
(Figure 8).

 

Figure 8. New notified measles cases in Romania in 2020–2024 segregated by the month of the date
of onset.

The plotted data in Figure 8 shows wide variations in cases per month, ranging from 0
to over 3000 new measles cases per month which, at least visually, indicates a high degree
of non-stationarity. Statistical tests were conducted to confirm the non-stationarity of the
measles time series.

The Augmented Dickey–Fuller (ADF) [37] test results indicate a test statistic of −1.493,
which is higher than the critical values at all significance levels (1%, 5%, and 10%). Ad-
ditionally, the p-value is 0.537, which is greater than 0.05. This suggests that the null
hypothesis of non-stationarity cannot be rejected, indicating that the time series is non-
stationary. The next step was to perform the Kwiatkowski–Phillips–Schmidt–Shin (KPSS)
test to complement the ADF test and further assess stationarity.

The KPSS test [38] results indicate a test statistic of 1.085, which exceeds the critical
values at all significance levels (10%, 5%, 2.5%, and 1%). Additionally, the p-value is
0.01, which is less than 0.05. This suggests that the null hypothesis of stationarity is
rejected, confirming that the time series is non-stationary. Both the ADF and KPSS tests
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collectively indicate that the time series requires transformation, such as differencing, to
achieve stationarity before proceeding with forecasting models.

To improve stationarity, first-order differencing was applied to the time series with a
visualization of the original and differenced series in Figure 9 which shows the differenced
series to have much more stable mean values.

 

Figure 9. Original daily new measles cases in Romania in 2020–2024 (upper plot) and the resulting
differenced series visualization (lower plot).

Subsequently, the Augmented Dickey–Fuller and Kwiatkowski–Phillips–Schmidt–
Shin tests were performed on the differenced series to assess its stationarity.

The ADF test showed a test value of −7.343 with a p-value of 1.05 × 10−10, while the
KPSS test showed a test value of 0.111 with a p-value of 0.1.

The ADF test indicates that the differenced series is stationary (p-value < 0.05), while
the KPSS test suggests stationarity as well (p-value > 0.05). These results confirm that the
series is now ready for forecasting procedures (Figure 9).

Both Seasonal Autoregressive Integrated Moving Average (SARIMA) or Holt–Winters
models were used to forecast 2025 and 2026 data in Figure 10.

To assess which model is a better fit for the data, a rolling window cross-validation
was performed for both models to evaluate their out-of-sample performance. The Mean Ab-
solute Error (MAE) for each model was 1616.74 for SARIMA and 1281.99 for Holt–Winters.

The Holt–Winters model demonstrated better out-of-sample performance (lower MAE)
compared to the SARIMA model. This suggests that the Holt–Winters model may be more
suitable for forecasting monthly cases in this particular measles dataset.

The forecast intervals for the Holt–Winters model have been regenerated and visual-
ized, along with the 95% confidence intervals. These intervals capture the uncertainty in
the forecast, providing a range within which the actual values are expected to fall with 95%
confidence (Figure 11).
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Figure 10. Results using the SARIMA forecast model (left) and Holt–Winters model (right) for
monthly measles cases in Romania 2025–2026 (blue lines indicate observed number of cases, while
yellow lines in SARIMA and green lines in Holt–Winters indicate the predicted number of monthly
new cases).

Figure 11. Holt–Winters’ forecast for monthly measles cases in Romania 2025–2026 with 95% confi-
dence intervals (the blue line indicates the observed number of cases while the green line indicates
the predicted number of cases with the grey area covering the confidence interval).

Compared to actual data from the first quarter of 2025 (January 2025: 1472 new measles
cases, February 2025: 1396 new measles cases, March 2025: 1124 new measles cases),
the Holt–Winters forecast demonstrates improved accuracy in predicting the potential
progression of measles, at least short-term, although the still high MAE suggests the model
cannot be considered fully reliable.

The Holt–Winters model was also applied independently to macroregions, showing
various results, some of which are visualized in Figure 12.

The residual analysis for the Holt–Winters models across each macroregion above has
been conducted and visualized in Figure 13 using the autocorrelation function (ACF).
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Figure 12. The Holt–Winters model for the Nord-Vest, Sud-Est, Sud-Muntenia, Sud-Vest Oltenia, and
Vest macroregions for 2025 and 2026 (blue lines indicate the observed number of cases while the red
lines indicate the predicted number of cases).
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Figure 13. Autocorrelation visualization for the Nord-Vest, Sud-Est, Sud-Muntenia, Sud-Vest Oltenia,
and Vest macroregions (in order) (values gradually decaying to 0 indicate a trend or seasonality). The
blue shaded area represents the 95% confidence interval for the autocorrelation estimates.
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The diagnostic analysis for the Holt–Winters models across each macroregion demon-
strated several encouraging signs:

(a) Residual Analysis: The residuals displayed minimal autocorrelation (Figure 13), with
most values randomly scattered around zero. They maintained a consistent variance
over time, suggesting that the model successfully captured the underlying trend and
seasonality. Normality tests indicated an approximate normal distribution of the
residuals, which reinforces the model’s adequacy.

(b) Information Criteria: Both Akaike Information Criterion (AIC) and Bayesian Infor-
mation Criterion (BIC) [39] values (Table 3) were relatively low, indicating that the
models achieved a good balance between fitting the data and avoiding unnecessary
complexity. Lower AIC/BIC values suggest that the chosen models are efficient and
well-suited for forecasting.

Table 3. AIC and BIC for the Holt–Winters modelling in each macroregion of Romania.

Macroregion AIC BIC

0 Bucuresti-Ilfov 242.2366 244.9712
1 Centru 363.2003 366.5274
2 Nord-Est 455.9932 459.8957
3 Nord-Vest 340.1456 343.5233
4 Sud-Est 329.6789 333.0567
5 Sud-Muntenia 335.129 338.4042
6 Sud-Vest Oltenia 192.8158 195.332
7 Vest 191.6126 193.8836

Overall, these diagnostics provide confidence in the Holt–Winters models’ capability
to forecast monthly cases, as they indicate that the models are both robust in capturing data
patterns and reliable in terms of fit.

4. Discussion
Measles continues to be a public health threat in Romania, even with a supporting plan

of action being in effect since 2022 [40]. As the plan is meant to be applied on a nationwide
basis, this study further emphasizes that a region/county-based approach is critical in
limiting the disease burden. The scale of the data used in the study, encompassing all
the reported cases at national level over 5 years and including one of the biggest measles
outbreaks yet, ensures a deep understanding of how the disease spreads internally and
allows for better targeted measures.

High-density urban areas in Romania and/or tourist attractions such as Bucharest,
Timis, oara, Constant,a, or Bras, ov and the continuously improving means of transportation
between them should have been protective factors in providing timely and easily accessi-
ble vaccines, including MMR; instead, they enable new measles generations within and
other regions through feedback loops. Some of the most concerning feedback loops pairs
were Vest-Centru and Centru-Sud Muntenia (and Bucures, ti-Ilfov as it is a dense urban
environment surrounded by the Sud Muntenia territory). With the increased severity of
the measles outbreak throughout 2023 and 2024, targeting these areas for improved surveil-
lance and control may have proven beneficial without significantly increased costs. Given
that the pediatric population is disproportionately affected, an enhanced control strategy
would involve triaging emergency department cases according to clinical indicators such
as high-grade fever, which typically precedes the characteristic rash, as well as recent travel
history. It should be noted, however, that collection of travel data relies heavily on parental
consent and disclosure.
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As the suboptimal MMR vaccine coverage in Romania has been explored before [41]
and ECDC points to Romania as having the sharpest decline in MMR coverage in the
post-COVID-19 era [4], poor communication among specialists is also a concern, with pedi-
atricians starting to recommend for the MMR vaccine to be administered at 18-months-old
instead of 12 in an attempt to dissociate the temporal link parents often establish between
the vaccine administration and the onset of autism spectrum signs. It is a controversial
recommendation, especially during a measles epidemic, as it may yield better vaccine
coverage but leaves the child exposed several more months, leading to a view that is not
harmonized with the promoted medical recommendations. The mixed message the popu-
lation receives further contributes to the lack of trust and, subsequently, vaccine hesitancy.
The public health interventions should be more focused from a dual perspective: providing
a clear, unanimous message, as well as targeting a narrower audience (such as region,
county, or even a specific community based on epidemiological severity) to improve the
outcome. This phenomenon may also contribute to some of the observed spatial patterns,
as low correlation between certain regions, especially in northern Romania, cannot be fully
explained by a higher average MMR vaccination coverage in these areas (for example, in
2024, Nord-Est had an average coverage for the first MMR vaccine of 47.7% compared to
the 59.8% national average, while the Nord-Vest had an average coverage of 64.07%) [42]

Although Romania’s Ministry of Health no longer considers measles to be epidemic
in Romania [43], the disease continues throughout the country in 2025, posing a risk to the
entire European region. As most efforts focus on increasing MMR vaccine coverage, which
currently remains below the desired level and has shown a decline, it is clear the ‘old ways’
of approaching the measles problem no longer work, and the policy makers should explore
the possibility of renouncing a nation-wide approach, instead focusing on specific regions,
which may yield better results by increasing the local responsibility and responsiveness
using correlation data matrices capable of highlighting the areas where the disease might
spread next. Not only that, but the data may also be used for localized control interventions
and even corrective interventions if the reported data is lower than expected.

The COVID-19 pandemic led to a new approach to public healthcare policies to become
decentralized in order to create locally sustainable strategies in order to control and elimi-
nate measles [44], and the current paper offers an insight as well as a tool exploring how
measles spreads among counties within the same disease generation or a generation apart.

When compared to France, another European country afflicted by measles throughout
2025 with 741 new cases reported in the last 12 months (as of May 2025) [45], and only
15% of the measles cases from 2025 being imported [46], the lessons from Romania in how
the disease behaves may prove useful in tailoring public health measures, even if measles
has a different spread pattern: while in Romania the central and southern regions show
the highest number of cases, so far the south-east and northern regions are affected most
in France.

In recent years, the infectious diseases spread no longer fully adheres to established
patterns; thus, forecasting tools should be brought back to the forefront of public health
and become pivotal in improving epidemic prevention and control. [47] Previously, a
3-month period has been shown to be sufficient in controlling moderate-sized COVID-19
outbreaks [48], and we believe the 3-month rule to be the minimum for public health
interventions on a larger scale, hence the Holt–Winters’ forecasting data being compared
to the first trimester of 2025 only. In our dataset, the Holt–Winters model outperformed
SARIMA; cross-comparison showed a minor advantage of the Holt–Winters model, with
the data obtained from the field in the beginning of 2025 supporting its relatively higher
accuracy. The high MAE does not allow for a definite answer as to which model is best,
even more so for long-term assessment, and using both models in parallel would ensure a
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better critical view of how the measles phenomenon evolves. Machine learning algorithms
based on artificial intelligence with deep learning features will most likely also be explored
in the future due to their ability to produce higher accuracy results, but the lack of insight
into their inner workings may deter epidemiologists from fully relying on them for the time
being. Public health decisions should use forecast tools as supplements, not sole sources, to
strengthen the reliability of chosen actions. Since the actual outcome may fall between the
two forecasting models over time, conducting monthly reassessments of predictions can
help refine future recommendations and offer an objective basis for interventions. Also,
our data is less sensitive to the macro seasonality as it covers the current measles outbreak
that began in late 2022 and includes some 2020 cases linked to the 2016 outbreak, which
was interrupted by COVID-19 measures in spring 2020.

Although the regional forecasting data is even less reliable, it provides enough infor-
mation to improve upon the WHO’s Measles Programmatic Risk Assessment Tool [49],
which uses the population immunity, surveillance quality, programme performance, and
threat assessment, as in 2019–2020, when the tool was developed, measles was probably
not expected to have such a sharp increase in the number of cases worldwide, with many
of the countries leaning towards measles elimination at that time.

Measles exhibits a very high reproduction number [7], with each case being capable of
creating a new generation of disease with 12–18 new cases, which means the threshold for
measles alert is very low, with a single case being immediately notifiable in Romania [50],
and as such, any increase in forecasted cases should be taken into account with increased vig-
ilance and measures focused on areas that have previously shown high-correlation values.

Limitations: Correlations between counties and macroregions show spatial depen-
dence, but causality cannot be inferred as not all cases have a known affiliation. In our
dataset, just 10,688 cases (36.67%) have a known infective contact, and for non-cluster cases,
only basic contextual data (e.g., family, school, hospital) is available.

While a strength is showing the post-COVID-19 evolution of measles in Romania,
including measles data for 5 years only is also a weakness, as the forecasted data is less
accurate with high MAE values for both models. The forecast is also unable to account
for vaccination campaign efforts, demographic changes, or mobility data, and integrating
data from the Romanian National Institute of Statistics to account for the economic status
of each county, education level, levels of income, or mobility data should be explored in
the future.

Forecasting is inherently uncertain during ongoing outbreaks as the database cannot
be populated in a timely manner due to increased workloads. The data accuracy is affected
by both data collection and biological specimen testing, which often get delayed during an
outbreak, dictated by the large workload or the inability to test all cases in such circum-
stances (e.g., insufficient laboratory testing kits). Although the dataset is extensive and
regular database maintenance is conducted, some degree of human error in data processing
may occur due to the involvement of a large research team spread throughout the country.

5. Conclusions
This paper offers insight into the temporal propagation of measles generations across

Romania, facilitating the implementation of tailored local measures and enabling early
alerts based on case increases in specific areas. Significant feedback loops among regions
were identified, which, coupled with low vaccination rates, contribute to the persistent
emergence of new measles cases, distinct from previous outbreaks. Although the notifi-
cation rate dropped at the end of 2024, in the beginning of 2025 it regained an upward
trend, making forecasting tools a necessity. The Holt–Winters models more reliably forecast
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short-term monthly cases nationwide and regionally when compared to SARIMA, allowing
for quick decisions while new data is used to reevaluate the trends.

Author Contributions: Conceptualization, V.-I.S. and M.D.; methodology, L.B. and C.P.C.; software,
V.-I.S.; validation, M.D. and V.B.; formal analysis, M.N.M.; investigation, A.S.; resources, A.S.; data
curation, R.E.B.; writing—original draft preparation, A.A.S, .B.; writing—review and editing, V.B. and
M.D.I.; visualization, M.D.I.; supervision, L.B. and M.D.; project administration, L.B. All authors have
read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Committee of Dunarea de Jos University of Galati, Romania
(protocol code 43668 and date of approval 13 December 2024), no. 40/31.07.2025.

Informed Consent Statement: The informed consent is not applicable as the study performed was
retrospective and the data for this article was collected and provided by the National Institute of
Public Health, which does not process or store the personal data of the patients involved.

Data Availability Statement: Data Availability Statements are available on request through the
corresponding author.

Acknowledgments: This study was academically supported by the Dunarea de Jos University
of Galati.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. European Centre for Disease Prevention and Control. Factsheet About Measles. 2023. Available online: https://www.ecdc.

europa.eu/en/measles/facts (accessed on 17 June 2025).
2. Greer, S.L. Medicine, public health and the populist radical right. J. R. Soc. Med. 2017, 110, 305–308. [CrossRef]
3. Samara, K.A.; Barqawi, H.J.; Alhayali, D.M.; Kannas, S.M.; Elmorsy, R.M.; Abu-Gharbieh, E. Evaluation of knowledge, attitudes

and vaccine hesitancy towards MMR vaccine among parents in the United Arab Emirates. PLoS ONE 2025, 20, e0324629.
[CrossRef]

4. European Centre for Disease Prevention and Control. Measles—Annual Epidemiological Report for 2024. 2025. Available online:
https://www.ecdc.europa.eu/sites/default/files/documents/MEAS-AER-2024-Report.pdf (accessed on 1 August 2025).

5. Lazar, M.; Pascu, C.; Rosca, M.; Stanescu, A. Ongoing measles outbreaks in Romania, March 2023 to August 2023. Eurosurveillance
2023, 28, 2300423. [CrossRef]

6. Kenah, E.; Lipsitch, M.; Robins, J.M. Generation interval contraction and epidemic data analysis. Math. Biosci. 2008, 213, 71–79.
[CrossRef]

7. Guerra, F.M.; Bolotin, S.; Lim, G.; Heffernan, J.; Deeks, S.L.; Li, Y.; Crowcroft, N.S. The basic reproduction number (R0) of measles:
A systematic review. Lancet Infect. Dis. 2017, 17, e420–e428. [CrossRef]

8. Yang, Q.; Fu, C.; Dong, Z.; Hu, W.; Wang, M. The effects of weather conditions on measles incidence in Guangzhou, Southern
China. Hum. Vaccin. Immunother. 2014, 10, 1104–1110. [CrossRef]

9. Yoshikura, H. Negative impacts of large population size and high population density on the progress of measles elimination. Jpn.
J. Infect. Dis. 2012, 65, 450–454. [CrossRef]

10. Liu, Q.; Bi, Q.; Liu, S.; Xiu, Y.; Wang, F.; Yin, Z.; Liu, X. Vaccination Status and Incidences of Measles, Mumps, and Rubella—
Worldwide, 2014–2023. China CDC Wkly. 2025, 7, 561–567. [CrossRef]

11. Ceccarelli, G.; Vita, S.; Riva, E.; Cella, E.; Lopalco, M.; Antonelli, F.; De Cesaris, M.; Fogolari, M.; Dicuonzo, G.; Ciccozzi, M.; et al.
Sanitary Bureau of the Asylum Seekers Center of Castelnuovo di, Susceptibility to measles in migrant population: Implication for
policy makers. J. Travel. Med. 2018, 25, tax080. [CrossRef]

12. Kiang, M.V.; Bubar, K.M.; Maldonado, Y.; Hotez, P.J.; Lo, N.C. Modeling Reemergence of Vaccine-Eliminated Infectious Diseases
Under Declining Vaccination in the US. JAMA 2025, 333, 2176. [CrossRef]

13. Tan, M.; Ding, J.; Johnson, C.E.; Cook, A.; Huang, C.; Xiao, L.; Tang, S. Stages of readiness for advance care planning: Systematic
review and meta-analysis of prevalence rates and associated factors. Int. J. Nurs. Stud. 2024, 151, 104678. [CrossRef]

https://www.ecdc.europa.eu/en/measles/facts
https://www.ecdc.europa.eu/en/measles/facts
https://doi.org/10.1177/0141076817712250
https://doi.org/10.1371/journal.pone.0324629
https://www.ecdc.europa.eu/sites/default/files/documents/MEAS-AER-2024-Report.pdf
https://doi.org/10.2807/1560-7917.ES.2023.28.35.2300423
https://doi.org/10.1016/j.mbs.2008.02.007
https://doi.org/10.1016/S1473-3099(17)30307-9
https://doi.org/10.4161/hv.27826
https://doi.org/10.7883/yoken.65.450
https://doi.org/10.46234/ccdcw2025.094
https://doi.org/10.1093/jtm/tax080
https://doi.org/10.1001/jama.2025.6495
https://doi.org/10.1016/j.ijnurstu.2023.104678


Healthcare 2025, 13, 2364 21 of 22

14. Zimmermann, M.; Frey, K.; Hagedorn, B.; Oteri, A.J.; Yahya, A.; Hamisu, M.; Mogekwu, F.; Shuaib, F.; McCarthy, K.A.;
Chabot-Couture, G. Optimization of frequency and targeting of measles supplemental immunization activities in Nigeria: A
cost-effectiveness analysis. Vaccine 2019, 37, 6039–6047. [CrossRef]

15. MacKechnie, G.P.D.; Dalton, M.; Delport, D.; Vaccher, S. Using Measles Outbreaks to Identify Under-Resourced Health Systems
in Low- and Middle-Income Countries: A Predictive Model. Vaccines 2025, 13, 367. [CrossRef]

16. Sbarra, A.N.; Haeuser, E.; Kidane, S.; Abate, A.; Abebe, A.M.; Ahmed, M.; Alemayehu, T.; Amsalu, E.; Aravkin, A.Y.; Asgedom,
A.A.; et al. Fitting dynamic measles models to subnational case notification data from Ethiopia: Methodological challenges and
key considerations. PLoS Comput. Biol. 2025, 21, e1012922. [CrossRef]

17. Samel-Kowalik, P.; Jankowski, M.; Tomaszewska, A.; Sobeczek, K.; Rakocy, K.; Samolinski, B.K.; Gujski, M.; Pinkas, J.; Vatsenko,
A.; Raciborski, F. A national registry-based study on uptake of the first dose of MMR vaccine in 380 administrative regions in
Poland, 2013–2016–2020. Ann. Agric. Environ. Med. 2024, 31, 65–71. [CrossRef]

18. Shobayo, B.; Umeokonkwo, C.D.; Jetoh, R.W.; Gilayeneh, J.S.M., Sr.; Akpan, G.; Amo-Addae, M.; Macauley, J.; Idowu, R.T.
Descriptive Analysis of Measles Outbreak in Liberia, 2022. IJID Reg. 2024, 10, 200–206. [CrossRef]

19. Li, X.; Chen, D.; Zhang, Y.; Xue, X.; Zhang, S.; Chen, M.; Liu, X.; Ding, G. Analysis of spatial-temporal distribution of notifiable
respiratory infectious diseases in Shandong Province, China during 2005–2014. BMC Public Health 2021, 21, 1597. [CrossRef]

20. Peter, O.J. Modelling measles transmission dynamics and the impact of control strategies on outbreak Management. J. Biol. Dyn.
2025, 19, 2479448. [CrossRef]

21. Pasanen, T.M.; Helske, J.; Hogmander, H.; Ketola, T. Spatio-temporal modeling of co-dynamics of smallpox, measles, and pertussis
in pre-healthcare Finland. PeerJ 2024, 12, e18155. [CrossRef]

22. Pokharel, A.; Adhikari, K.; Gautam, R.; Uprety, K.N.; Vaidya, N.K. Modeling measles transmission in adults and children:
Implications to vaccination for eradication. Infect. Dis. Model. 2024, 9, 1007–1026. [CrossRef]

23. Chowdhury, A.H.; Rahman, M.S. Spatio-temporal pattern and associate meteorological factors of airborne diseases in Bangladesh
using geospatial mapping and spatial regression model. Health Sci. Rep. 2024, 7, e2176. [CrossRef]

24. Kujawski, S.A.; Ru, B.; Afanador, N.L.; Conway, J.H.; Baumgartner, R.; Pawaskar, M. Prediction of measles cases in US counties:
A machine learning approach. Vaccine 2024, 42, 126289. [CrossRef]

25. Kumar, P.; Paul, R.K.; Roy, H.S.; Yeasin, M.; Ajit; Paul, A.K. Big Data Analysis in Computational Biology and Bioinformatics.
Methods Mol. Biol. 2024, 2719, 181–197. [CrossRef]

26. National Institute for Public Health. Measles Surveillance Form. 2018. Available online: https://insp.gov.ro/download/
anexa-1-fisa-supraveghere-rujeola_rubeola-pdf/?wpdmdl=96231&refresh=68ceae8c0ec271758375564 (accessed on 17 June 2025).
(In Romanian)

27. Su, Y.; Yoon, S.S. Epi info—Present and future. AMIA Annu. Symp. Proc. 2003, 2003, 1023. [PubMed] [PubMed Central]
28. Borges do Nascimento, I.J.; Marcolino, M.S.; Abdulazeem, H.M.; Weerasekara, I.; Azzopardi-Muscat, N.; Goncalves, M.A.;

Novillo-Ortiz, D. Impact of Big Data Analytics on People’s Health: Overview of Systematic Reviews and Recommendations for
Future Studies. J. Med. Internet Res. 2021, 23, e27275. [CrossRef]

29. Harris, C.R.; Millman, K.J.; van der Walt, S.J.; Gommers, R.; Virtanen, P.; Cournapeau, D.; Wieser, E.; Taylor, J.; Berg, S.; Smith,
N.J.; et al. Oliphant, Array programming with NumPy. Nature 2020, 585, 357–362. [CrossRef]

30. Han, S.; Kwak, I.Y. Mastering data visualization with Python: Practical tips for researchers. J. Minim. Invasive Surg. 2023, 26,
167–175. [CrossRef]

31. Fallatah, D.I.; Adekola, H.A. Digital epidemiology: Harnessing big data for early detection and monitoring of viral outbreaks.
Infect. Prev. Pract. 2024, 6, 100382. [CrossRef]

32. Iwashyna, T.J.; Liu, V. What’s so different about big data? A primer for clinicians trained to think epidemiologically. Ann. Am.
Thorac. Soc. 2014, 11, 1130–1135. [CrossRef]

33. Alghamdi, N.A.; Al-Baity, H.H. Augmented Analytics Driven by AI: A Digital Transformation beyond Business Intelligence.
Sensors 2022, 22, 8071. [CrossRef]

34. European Union. Regulation (EC) No 1059/2003 of the European Parliament and of the Council of 26 May 2003 on the Establishment of a
Common Classification of Territorial Units for Statistics (NUTS); European Union: Brussels, Belgium, 2003; Volume OJ L 154, pp. 1–41.

35. European Union. COMMISSION IMPLEMENTING DECISION (EU) 2018/945 of 22 June 2018 on the Communicable Diseases and
Related Special Health Issues to Be Covered by Epidemiological Surveillance as Well as Relevant Case Definitions. 2018. Available
online: https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:32018D0945 (accessed on 5 September 2025).

36. NUTS Statistical Regions of Romania. Available online: https://upload.wikimedia.org/wikipedia/commons/thumb/1/1f/RO_
NUTS_2.png/500px-RO_NUTS_2.png (accessed on 17 June 2025).

37. Silva, R.P.; Zarpelao, B.B.; Cano, A.; Junior, S.B. Time Series Segmentation Based on Stationarity Analysis to Improve New
Samples Prediction. Sensors 2021, 21, 7333. [CrossRef]

38. Guan, Y. A KPSS test for stationarity for spatial point processes. Biometrics 2008, 64, 800–806. [CrossRef]

https://doi.org/10.1016/j.vaccine.2019.08.050
https://doi.org/10.3390/vaccines13040367
https://doi.org/10.1371/journal.pcbi.1012922
https://doi.org/10.26444/aaem/172887
https://doi.org/10.1016/j.ijregi.2024.01.008
https://doi.org/10.1186/s12889-021-11627-6
https://doi.org/10.1080/17513758.2025.2479448
https://doi.org/10.7717/peerj.18155
https://doi.org/10.1016/j.idm.2024.04.012
https://doi.org/10.1002/hsr2.2176
https://doi.org/10.1016/j.vaccine.2024.126289
https://doi.org/10.1007/978-1-0716-3461-5_11
https://insp.gov.ro/download/anexa-1-fisa-supraveghere-rujeola_rubeola-pdf/?wpdmdl=96231&refresh=68ceae8c0ec271758375564
https://insp.gov.ro/download/anexa-1-fisa-supraveghere-rujeola_rubeola-pdf/?wpdmdl=96231&refresh=68ceae8c0ec271758375564
https://www.ncbi.nlm.nih.gov/pubmed/14728526
https://pmc.ncbi.nlm.nih.gov/articles/PMC1480129
https://doi.org/10.2196/27275
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.7602/jmis.2023.26.4.167
https://doi.org/10.1016/j.infpip.2024.100382
https://doi.org/10.1513/AnnalsATS.201405-185AS
https://doi.org/10.3390/s22208071
https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:32018D0945
https://upload.wikimedia.org/wikipedia/commons/thumb/1/1f/RO_NUTS_2.png/500px-RO_NUTS_2.png
https://upload.wikimedia.org/wikipedia/commons/thumb/1/1f/RO_NUTS_2.png/500px-RO_NUTS_2.png
https://doi.org/10.3390/s21217333
https://doi.org/10.1111/j.1541-0420.2007.00977.x


Healthcare 2025, 13, 2364 22 of 22

39. Dziak, J.J.; Coffman, D.L.; Lanza, S.T.; Li, R.; Jermiin, L.S. Sensitivity and specificity of information criteria. Brief. Bioinform. 2020,
21, 553–565. [CrossRef]

40. Ministry of Health. Order 3494/2023 for the Approval of the Action Plan for the Elimination of Measles, Rubella and Prevention of
Congenital Rubella Infection/Congenital Rubella Syndrome; Ministry of Health: Bonn, Germany, 2023.

41. Stanescu, A.; Ruta, S.M.; Cernescu, C.; Pistol, A. Suboptimal MMR Vaccination Coverages—A Constant Challenge for Measles
Elimination in Romania. Vaccines 2024, 12, 107. [CrossRef]

42. National Institute for Public Health. VACCINAREA Analiză De Situat, ie. 2024. Available online: https://insp.gov.ro/wp-
content/uploads/2024/04/Analiza-de-situatie-VACCINARE-2024.pdf (accessed on 1 August 2025). (In Romanian)

43. Ministry of Health. Order 4322/2024 for the End of the Measles Epidemic on the Territory of Romania; Ministry of Health: Bonn,
Germany, 2024.

44. Cutts, F.T.; Ferrari, M.J.; Krause, L.K.; Tatem, A.J.; Mosser, J.F. Vaccination strategies for measles control and elimination: Time to
strengthen local initiatives. BMC Med. 2021, 19, 2. [CrossRef]

45. ECDC. European Centre for Disease Prevention and Control. Measles and Rubella Monthly Report, 2 July 2025; ECDC: Stockholm,
Schweden, 2025.

46. Agence Régionale de Santé, France. Rougeole en France; Bulletin du 29 avril 2025; Santé Publique France: Paris, France, 2025.
47. Myers, M.F.; Rogers, D.J.; Cox, J.; Flahault, A.; Hay, S.I. Forecasting disease risk for increased epidemic preparedness in public

health. Adv. Parasitol. 2000, 47, 309–330. [CrossRef]
48. Zou, Z.; Fairley, C.K.; Shen, M.; Scott, N.; Xu, X.; Li, Z.; Li, R.; Zhuang, G.; Zhang, L. Critical timing and extent of public health

interventions to control outbreaks dominated by SARS-CoV-2 variants in Australia: A mathematical modelling study. Int. J. Infect.
Dis. 2022, 115, 154–165. [CrossRef]

49. World Health Organization. Measles Programmatic Risk Assessment Tool. 2020. Available online: https://www.who.int/
teams/immunization-vaccines-and-biologicals/immunization-analysis-and-insights/surveillance/measles-programmatic-
risk-assessment-tool (accessed on 1 August 2025).

50. Ministry of Health Romania. Order No. 1738/2022 for the Approval of the Methodological Norms Regarding the Method and Frequency of
Reporting by Medical Service Providers, as Well as the Information Circuit of the Single Communicable Disease Reporting Sheet and for the
Approval of the Early Warning and Response System Regarding the Prevention and Control of Communicable Diseases; Ministry of Health
Romania: Bucharest, Romania, 2022.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1093/bib/bbz016
https://doi.org/10.3390/vaccines12010107
https://insp.gov.ro/wp-content/uploads/2024/04/Analiza-de-situatie-VACCINARE-2024.pdf
https://insp.gov.ro/wp-content/uploads/2024/04/Analiza-de-situatie-VACCINARE-2024.pdf
https://doi.org/10.1186/s12916-020-01843-z
https://doi.org/10.1016/s0065-308x(00)47013-2
https://doi.org/10.1016/j.ijid.2021.11.024
https://www.who.int/teams/immunization-vaccines-and-biologicals/immunization-analysis-and-insights/surveillance/measles-programmatic-risk-assessment-tool
https://www.who.int/teams/immunization-vaccines-and-biologicals/immunization-analysis-and-insights/surveillance/measles-programmatic-risk-assessment-tool
https://www.who.int/teams/immunization-vaccines-and-biologicals/immunization-analysis-and-insights/surveillance/measles-programmatic-risk-assessment-tool

	Introduction 
	Epidemiology and Disease Generations 
	Spatial and Temporal Modelling for Measles 

	Materials and Methods 
	Results 
	Correlation Data 
	Challenges in Forecasting New Measles Cases in Romania 

	Discussion 
	Conclusions 
	References

