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Abstract: Earthquakes are sudden-onset disasters requiring rapid, accurate information
for effective crisis response. Social media (SM) platforms provide abundant geospatial
data but are often unstructured and produced by diverse users, posing challenges in
filtering relevant content. Traditional content filtering methods rely on natural language
processing (NLP), which underperforms with mixed-language posts or less widely spoken
languages. Moreover, these approaches often neglect the spatial proximity of users to the
event, a crucial factor in determining relevance during disasters. This study proposes
an NLP-free model that assesses the spatial credibility of SM content by analysing users’
spatial trajectories. Using earthquake-related tweets, we developed a machine learning-
based classification model that categorises posts as directly relevant, indirectly relevant, or
irrelevant. The Random Forest model achieved the highest overall classification accuracy
of 89%, while the k-NN model performed best for detecting directly relevant content, with
an accuracy of 63%. Although promising overall, the classification accuracy for the directly
relevant category indicates room for improvement. Our findings highlight the value of
spatial analysis in enhancing the reliability of SM data (SMD) during crisis events. By
bypassing textual analysis, this framework supports relevance classification based solely
on geospatial behaviour, offering a novel method for evaluating content trustworthiness.
This spatial approach can complement existing crisis informatics tools and be extended to
other disaster types and event-based applications.

Keywords: crisis informatics; spatial trajectory analysis; social media credibility; geospatial
data mining; machine learning classification; earthquake response

1. Introduction

Earthquakes are severe disasters affecting wide areas that result in multidimensional
hazards and losses in the short and long run. On-time management is the key to reducing
the secondary impacts of these kinds of disasters on living beings, the environment, and
the economy [1-4]. Geospatial data science immensely contributes to disaster management
with various data sources (earth observatory satellites, aerial vehicles, and geospatial crowd
sourcing) and information extraction algorithms [5,6]. SM became an actor of geospatial
data sources since enabling location information features. This actor gives us the ability to
see different dimensions of events apart from observed from the space, e.g., emergencies
inside buildings, the status of living beings, and the sentiments [7,8].

There is a growing amount of research using SMD locations to identify urban dynam-
ics [9-11], sentimental reactions [12,13], and changes in human mobility [14-16]. Most
of these studies are largely concentrated on social media data intensity to answer coarse
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grained questions, such as “Where are the most visited locations?”, “How does sentiment
sprawl after a major disaster?”, and “When does human mobility vary?”. What is not clear
yet are the answers to the fine-grained questions on social media data, such as “Where are
the victims’ locations?”, “What is the consistency between the content and the attached
location for each post after an incident?”, and “When did the aforementioned event in
the post happen?”. Current methods primarily focus on problems that can be addressed
using density-based spatial algorithms or text frequency-based approaches [9-16]. As a
result, these studies inherently rely on the clustering of multiple reports, which provides
a form of internal validation. However, such methodologies tend to overlook individual
emergency notifications and may also incorporate clusters formed as a result of misinforma-
tion. Neglecting individual emergency messages can lead to a scenario where only widely
shared alerts gain visibility, while genuine victims in urgent need, who may have been
able to send out only a single message, are left without assistance. Furthermore, the spread
of misinformation can result in a high concentration of false reports in certain locations,
leading to the misallocation of resources to areas where no real need exists. Therefore,
social media data should be analysed at the individual level and supported with user-based
credibility assessments. In this approach, each user is treated as an independent source of
information, and the reliability of this source should be thoroughly examined.

There are also several studies carried out on SMD that contribute to disaster man-
agement in various cases [17]. Huang and Xiao (2015) [18] investigated Hurricane Sandy
Twitter data by categorising them into topics regarding disaster management phases. Resch
et al. (2018) [19] proposed a combined technique with semantic machine learning and
spatiotemporal analysis for natural disaster monitoring and examined Napa Earthquake
tweets. Most of these disaster domain studies are well documented and present significant
results for coarse-grained problematics with a high intensity of data. However, these
studies [17,18] do not assess the overall credibility of tweets; instead, they focus on classi-
fying the relevance of content based on natural language processing, which may include
second-hand information or misinformation. Additionally, mapping results using spatial
clustering techniques based on high data intensity fails to address the extraction of individ-
ual earthquake-related tweets and, consequently, overlooks issues related to their reliability
or credibility.

Yet, the credibility of SMD producers is a key issue in answering the fine-grained
questions. So far, very little research has been carried out on social media data producers’
credibility during events. Hecht et al. (2011) [20] was one of the first to examine spatial
credibility and found that 34% of data producers on SM do not provide their correct
location. To support this finding, the study compared user profiles with the location
information mentioned in tweet content. Users” actual locations were determined based
on their attendance at a concert event. Since the event was confined to a specific concert
venue, the dataset was suitable for investigating the accuracy of user-reported locations.
The study aimed to draw general conclusions about users” location-sharing behaviours
and potential location manipulation. However, in large-scale disasters covering wide
areas, it becomes challenging to verify the real-time accuracy of users’ locations. Gupta
and Kumaraguru (2012) [21] reported that solely 17% of gathered tweets provide credible
situational awareness information. An algorithm utilising RankSVM and a relevance
feedback approach was evaluated to rank tweets from 14 high-impact events based on
the perceived credibility of the information in the tweet text (categorised as definitely
credible, seems credible, definitely not credible, or undecided). This ranking algorithm
focuses solely on the textual content and does not incorporate any spatial dimension of
the tweets. Truelove et al. (2017) [22] presented a testing witnessing status of SM users
based on evidence they share on their profiles. They present a framework for identifying
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the potential social media users’ witnessing to an event based on evidence (such as text
and image content) in their SM accounts. Abbasi et al. (2013) [23] proposed the “credRank”
algorithm to identify coordinated users (accounts acting together to dominate the results of
something) based on the users’ profile information such as tweeting timestamps and voting
behaviour. Yang et al. (2019) [24] proposed a framework for SM data credibility during
disasters and tested it with Hurricane Harvey Twitter data. The research is based on the
calculation of event credibility with semantic and spatiotemporal aggregation. The main
focus of the study is extracting location information from text and localising tweet content.
The credibility rate of an event was calculated based on the supporting tweets and retweets
counts. Neither of these studies are in the same domain, nor are the methods similar, yet
all aim to reach credible first-hand information about an event from SM. Credibility is not
only associated with text content but also with spatial credibility. Since textual content
can be easily manipulated by social media users, the spatial dimension may, in the long
run, offer a more reliable relevance signal for an event. Although spatial information can
also be manipulated, it is less likely to be altered consistently and continuously. Therefore,
our hypothesis in this study is that user trajectory data can provide meaningful relevance
information for event verification. The motivation behind this study is to scrutinise second-
hand or misleading information shared during earthquakes to distinguish between those
who are physically present in the affected area, potential victims or eyewitnesses, and those
who are not. To date, geo-social media (geo-SM) data producers’ credibility determination
has still not been extensively studied.

This study set out to identify the predictors for geo-SM users’ credibility based on
spatial trajectory data. Trajectory data mining was extensively reviewed by Mazimpaka
and Timpf (2016) [25] and Zheng (2015) [26]. The pre-defined data processing steps vary
based on the trajectory data sources, which are broadly classified as GPS, GSM, geo-SM,
Wi-Fi, and RFID [26-29]. Trajectory data change with regard to the frequency of space
and time based on these data sources’ pre-defined or uncertain settings. There are also
different types of moving objects (such as animals, vehicles, human, etc.) that shape the
study methodology on the trajectory data mining.

Geo-SM is an unsystematic trajectory data source with its content at uncertain spa-
tiotemporal granularity. Andrienko et al. (2013) [30] displayed a framework for the
classification of trajectory data mining methods over georeferenced Twitter data. Chae
et al. (2015) [31] demonstrated abnormal topics and movement patterns on Twitter during
disasters by adopting Twitter data before, during, and after a disaster. Wang and Tay-
lor (2018) [32] evaluate sentiment and human mobility together to understand the urban
dynamics changes during earthquakes. The research illustrates the correlation between
earthquake intensity and sentiment scores. Hiibl et al. (2017) [33] adopt geo-tagged tweets
for extracting refugee migration patterns with the V-Analytics Toolkit and visualise the pat-
tern of migration from the Middle East to Europe. While determining the actual trajectory
pertaining to refugees, they used both trajectory mining techniques combined with text
content (e.g., language mix of Arabic and English and filtered refugee-related words). Ma
et al. (2020) [34] structured the human activity scale of cities based on hot spots and street
networks and discovered the changing activities before and after the Tokyo Earthquake.
Kang et al. (2020) [35] worked to determine changing human mobility during COVID-19
through mobile phone trajectories used as the origin destination concept. The study infers
dynamic population flows and compares the estimated results for each origin—destination
pair with the gravity and radiation model.

Our study evaluates the trajectories of SMD producers to determine the relevance
and event-related credibility of their content in relation to an earthquake. While previous
studies on SMD content relevance have predominantly relied on fully or partially text-based
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techniques [24,36], trajectory-based relevance assessment has not been extensively explored.
Our research addresses this gap by extracting trajectory-based features and employing
various machine learning techniques to assess the relevance and credibility of content in a
language-independent manner.

The paper is structured as the following three sections: Section 2 presents the data and
evaluation methodology, including data retrieval and filtering, data cleaning and tidying,
data labelling, and processing parts. Section 3 illustrates the results of the processing steps
and discusses the results and lists the limitations of the study. Section 4 concludes the
research with the contribution to the scientific field and presents reproducible cases for its
broader uses.

2. Materials and Methods
2.1. Data Retrieval and Filtering

Twitter (rebranded as X in July 2023, having had previously restricted free API access
in February) provided a data stream for academic use through its APIL. This API returned
a randomly sampled 1% of all data produced on the Twitter platform [37]. Using this
methodology, we continuously harvested Twitter data for several years and inserted it
into a PostgreSQL database. In order to retrieve the dataset for this study, we first queried
earthquakes with a magnitude greater than 5 that occurred in Tiirkiye between the years
2017 and 2021. According to the Richter Scale, a magnitude >5 refers to moderate, strong,
major, or great earthquakes [38]. This means that everyone felt the earthquake when it was
of moderate scale or higher. Based on the Bogazici University Kandilli Observatory and
Earthquake Research Institute-Regional Earthquake-Tsunami Monitoring Center (KOERI-
RETMC) [39] database, there were 28 earthquakes (Table 1).

Table 1. Earthquakes with a magnitude of 5 or greater between 2017 and 2021 in Tiirkiye.

ID Place Name Date/Time Latitude Longitude Magnitude Tweet Count Account Count
1 Ay"aCﬂl‘)gﬁ‘Zl?ri'EGE 2811:7‘?5’5};"‘8%0 395014  26.0621 5.1 38 33
2 Ayvacik-Canakkale 23113763212?0’3 395164  26.0997 5.3 25 22
3 AyvacikCanakkale T Soree 395048 261076 5 22 18
4  Samsat-Adiyaman > 1\{1;“5;12270 17 375061 384724 5.2 27 26
5 Ula-Mugla BAPIO 371307 28684 5 15 15
6 Saruhanli-Manisa 2811\1/[:31:;(7)17 38.7182 27.7715 5 23 23
7 Milas-Mugla 14 %‘;i‘ﬁ?o" 371881  27.6585 5 13 13
8  Sehitkamil-Gaziantep 12%)11\7101‘;;:;3?595; 371918  37.52 7.1 77 59
9  Koycegiz-Mugla i%g‘;‘fﬁ’fj 37.0935  28.5999 6 29 29
10 Sivrice-Flazig 4April 2019 553708 391712 5 60 58

17:31:11
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Table 1. Cont.

ID Place Name Date/Time Latitude Longitude Magnitude Tweet Count Account Count
11  Dazkiri-Afyonkarahisar ~ ° A;%;;;?” 37.9115 29.675 57 303 294
.. 14 September
12 Cerkes-Cankiri 2019 06:03:11 40.7705 32.9597 5 23 21
.. 26 September
13 Marmara Denizi (Orta) 2019 10:59:25 40.8678 28.164 5.7 350 334
27 December
14 Doganyol-Malatya 2019 07:02:28 38.2564 38.9967 5 5 5
15 Kirkagac-Manisa 22January 2020 395656 27.8261 6 1870 932
19:22:15
16 Sivrice-Elazig 24January 2020 3¢ 3367 390637 6.4 767 675
17:55:16
17 Cihanbeyli-Konya 24January 2020 33955 327884 53 767 675
17:56:25
18 Akhisar-Manisa 4 February 2020 390006 27.8441 5 4 37
17:55:23
19 Akhisar-Manisa 18 February 2020 390377 27.7558 5.2 22 21
16:09:22
. . 14 June 2020
20 Karliova-Bingol 14:04:07 39.3081 40.8209 5.9 25 25
. . 15 June 2020
21 Karliova-Bingol 06:51:31 39.3971 40.7076 5.4 12 12
. 16 June 2020
22 Karayazi-Erzurum 01:34:54 39.7849 42.0531 54 12 12
23 Dodecaneselslands 0 October2020 57 g7 26.834 6.7 58 44
11:51:26
27 November
24 Puturge-Malatya 2020 08:27:55 38.2202 38.6871 52 4 3
25 Kurtalan-Siirt 3 December 2020 579463 41,6801 5.2 20 20
05:45:19
Antalya 5 December 2020
26 Korfezi-AKDENIZ 12:44:40 35.9971 31.8088 5.5 19 19
. . 27 December
27 Sivrice-Elazig 2020 06:37-34 38.4714 39.2593 53 28 28
. 25 June 2021
28 Yayladere-Bingol 18:28:38 39.2055 40.2233 54 14 14
Total: 4670 3467

After an earthquake, Twitter data are generally queried using keywords similar to

“earthquake”. This method was replicated to determine our initial raw dataset for the
28 earthquakes listed in Table 1. While filtering the raw Twitter dataset for each earth-
quake in this study, three conditions were considered: the time interval, presence of the

“earthquake” (e.g., “deprem

sarsint1”, and “zelzele” in Turkish) keyword, and spatial

boundary. The time interval was the first condition, starting with the time the earthquake

occurred and ending 72 h afterward. The second condition was the presence of the word

“earthquake” in the tweet content. The last condition was that the tweets had to be located

within Tiirkiye’s spatial boundary. When these three conditions were met for a tweet, the

tweet was inserted into the earthquake raw dataset (Figure 1).
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Figure 1. Earthquake tweet data retrieval flow.

2.2. Data Cleaning and Tidying

The retrieved earthquake tweet data are biased due to bot accounts that systematically
report every earthquake worldwide, as well as tweets from newsfeed accounts. To mitigate
this, we applied text-based filtering to tweets and accounts to exclude tweets from bot
accounts in the dataset. We designed the data extraction process in three steps:

v "o

1. A word list of technical terms (e.g., “mww”, “mwr”, “mw”, and “ml”) was applied to
tweet content to identify tweets from sensor-based bot accounts.

2. A word list of earthquake-related terms (e.g., “quake”, “afad”, “dask”, “deprem”, and
“kandilli_info”) was applied to account names to filter out tweets from earthquake
institutions in Tiirkiye and worldwide.

3. A word list of news-related terms (e.g., “news”, “haber”, and “trendinalia”) was

applied to account names to exclude tweets from news-feeding bot accounts.

Following the data extraction process, we summarised the tweet count by earthquakes
and listed it in Table 1. The total tweet count for the 28 earthquakes is 4670, from 3467 data
producers. While we test the hypothesis that a higher magnitude may result in a higher
tweet count, the correlation test returns low significance for this hypothesis.

The allocation of the number of data producers in terms of the number of distinct
earthquakes they tweet about and the number of tweets is summarised in Table 2. Accord-
ing to this summary, a great number of data producers (1011) tweeted one time related to a
single earthquake. On the other hand, 1318 data producers tweeted only related to a single
earthquake, while 138 and 607 data producers tweeted related to two and more than two
earthquakes, respectively. The maximum number of tweets by a data producer and the
maximum number of related distinct earthquakes are 18 and 8, respectively. The second
largest group of data producers after the single-tweet accounts tweeted more than one and
less than five times. Only five data producers tweeted 10 times or more. The maximum
number of earthquakes a single data producer tweeted about, including repeated tweets
due to overlapping time intervals of multiple earthquakes, is 8 out of the 28 earthquakes
listed in Table 1.
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Table 2. The allocation of data producers by the number of tweets and number of earthquakes they
tweet about.

Number of Earthquakes

Number of Data Producers Total
1 2 >2 and <=8
1 1011 99 514 1624
Number of >1 and <5 179 33 81 293
tweets >=5 and <10 126 6 9 141
>=10 and <=18 2 0 3 5
Total: 1318 138 607 2063

The second data collection stage of the study is to create a trajectory-based dataset by
retrieving the previous tweets of each of the 2063 users. Before collecting the dataset, we
first disambiguated tweets that referred to more than one earthquake event. We removed
tweets based on their relative distance to the earthquake locations; specifically, we excluded
those located farther from the disaster event and retained only the tweet that was closest to
the corresponding event. After this process, we retained 3237 earthquake-related tweets.

To obtain trajectory data, we queried each user’s tweets from up to three months prior
to the timestamp of each earthquake-related tweet. These collected data were transformed
into trajectory records for each earthquake event tweet, treating the earthquake tweet as
the endpoint. In total, we compiled 3237 trajectories, each containing a varying number of
trajectory points, as shown in Table 3. While nearly 10% of the trajectories consist of only
the endpoint (i.e., the earthquake-related tweet itself), approximately 25% include between
77 and 1438 trajectory points.

Table 3. The number of trajectories by the number of trajectory points.

Number of Trajectory Points Number of Trajectory (for Each Event Tweet)
1 317
2-6 540
6-24 768
25-76 804
77-1438 808
Total: 3237

Min. 1st Qu. Median Mean 3rd Qu. Max.
1.00 6.00 24.00 57.35 76.00 1438.00

In the subsequent steps, aimed at determining earthquake relevancy based on user
trajectories, the trajectory data were organised and feature engineered, as outlined in
Section 2.4.

2.3. Data Labelling

The raw dataset was manually labelled in terms of its relevance to an earthquake.
Table 4 displays relevance labels, from most relevant to least relevant, along with examples
of tweet content. After labelling, the number of tweets in each category was 170, 1242, and
3258, respectively. However, some tweets were repeated due to overlapping time intervals
across multiple earthquakes. As mentioned earlier, we removed duplicate tweets based
on spatial proximity. Consequently, the number of distinct tweets in each category was
reduced to 124, 655, and 2458, respectively.
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Table 4. The frame of three categories of relevancy labels.

Re{legzrllcy Explanation Examples (Translated from Turkish) E‘:jﬁt Dlstgl:ltlr"ftweet
Dlrectly relevant: Felt the earthquake.
tweets directly from I Kb ' h
1 the field based on the am ok but we are not! fearthquake 170 124
) Oh my God, don’t let those horror moments
experiences of happen again
tweet producers ppen again.
Indirectly relevant: We wish God’s mercy on those who lost their
tweets wishing good  lives in the earthquake that took place in Izmir,
’ recovery or and a speedy recovery to the injured. 1042 655
spreading general =~ May Allah help those who are under the rubble.
information Images of the building shaken like a cradle by
about earthquakes the 5.8 magnitude earthquake.
Earthquake scientist chicken feed
Irrelevant: mixed #earthquakeVultures freight elevator legal
3 contents not directly person inflation 3258 2458
meaning something  Necromancer #KknowntheEarthquake be able to
smack the skull ultimate enlightenment perfect
Total: 4670 3237

2.4. Feature Extraction

To assess the relevance of each retrieved tweet (2.1), cleaned and processed tweet
(2.2), and labelled tweet (2.3), we designed and extracted 126 features based on basic
characteristics of earthquake-related (EQ) tweets and trajectory data. Previous tweets from
each user were retrieved from the database, covering a period of up to 3 months before and
72 h after the event. Using this dataset, each earthquake-related tweet was incorporated
into a trajectory. We leveraged trajectory data to extract features that help determine the
relevance of tweets to the earthquake. Mainly, two calculations—spatial proximity and
temporal distance—were performed for feature extraction. In the preprocessing of the
trajectory data, the spatial proximity was calculated to measure the distance between the
tweet location and other relevant locations (e.g., the earthquake event location or another
tweet location) using the Haversine formula. Specifically, we computed the great-circle
distance between each user’s geotagged location (lon.x, lat.x) and the reference location
(lon.y, lat.y). The distHaversine () function from the geosphere package [40] was used
for this purpose, and the results were converted from metres to kilometres (1). In the
preprocessing of the trajectory data, the temporal distance was calculated to measure
the time difference between each user’s tweet and another relevant timestamp (e.g., the
earthquake event time or another tweet time). Specifically, we first ensured that the tweet
timestamps (timestamp.x) were standardised to the UTC time zone using the force_tz ()
function. Then, we computed the time difference between each tweet and the reference
timestamp (timestamp.y) using the difftime () function in R. The result, stored as the
temporal distance, represents the time interval in hours (2).

Pseudocode for Calculating Spatial Proximity to Earthquake Epicentre
for each tweet in dataset:
distance_meters = distHaversine(lon.x, lat.x, lon.eq, lat.eq) (1)
distance_km = distance_meters/1000
append distance_km to dataset
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[ \ ModelData
EQ_magnitude_Class: PK | trajectory_Id
5(25 itude & <6

Pseudocode for Calculating Temporal Distance to Earthquake Event

for each tweet in dataset:
convert timestamp.x and timestamp.y to POSIXct format
assign UTC timezone to timestamp.x and timestamp.y if not already set
time_difference_hours = difftime(timestamp.x, timestamp.y, units = “hours”)
append time_difference_hours to dataset

)

The classification intervals were designed with two main considerations in mind:
(1) the empirical characteristics of the dataset and (2) common practices in prior disaster-
related spatiotemporal analyses. For example, magnitude classes were defined based on
standard earthquake severity groupings used in seismology (e.g., magnitudes >5 indicating
felt events and >7 indicating major quakes) [38,41]. Temporal and spatial proximity
thresholds (e.g., <1 h, <100 km, etc.) were selected to reflect meaningful operational
response windows and user behaviour patterns observed in disaster contexts, aligning
with the approaches in other studies [42—44].

Figure 2 illustrates the complete feature design for our model dataset. We describe the
feature design process in two main steps:

6 (= 6 magnitude & < 7 magnitude),
7 (= 7 magnitude & < 8 magnitude)

-
Y

Temporal Features Class (TFC);
TFC_EQ_tweet-EQ_Location:
0 (s1 hour),

1 (s 24 hours),
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Figure 2. Trajectory-based feature design for the prediction model.
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Step 1: Basic feature extraction from the EQ tweet dataset

e EQ _magnitude_Class: Categorised into three classes (5, 6, and 7), corresponding
to EQs with magnitudes less than 6, 7, and 8, respectively. This feature is named
EQ_magnitude_Class in the model dataset.

e  Temporal Features Class (TFC): Categorised into four classes (0, 1, 2, and 3), repre-
senting the time difference between EQ occurrence and the corresponding tweet as
follows: <1 h, <1 day, <2 days, and <3 days, respectively. This feature is named
TFC_EQ_tweet-EQ_Location in the model dataset.

e  Spatial Proximity Class (SPC): Categorised into six classes (0, 1, 2, 3, 4, and 5), repre-
senting the spatial distance between the EQ location and the location of the tweet as
follows: <100 km, <200 km, <300 km, <400 km, <500 km, and >500 km, respectively.
This feature is named SPC_EQ_Tweet-EQ_Location in the model dataset.

Step 2: Extraction of additional pivot features from trajectory data

e  Temporal Features Class (TFC): Categorised into five classes (0, 1, 2, 3, and 4), rep-
resenting the time difference between the EQ occurrence and the trajectory tweet
as follows: within 3 days after the event, 3 days before, within 1 month before,
within 2 months before, within 3 months before, respectively. This feature is named
TFC_trajPoint-EQ_Time and is pivoted along with four other features—SPC_trajPoint-
EQ_Location, SPC_ trajPoint-EQ_Tweet, MBC_trajStepLength, and MBC_velocity—in
the model dataset.

e  Spatial Proximity Class (SPC): Two SPC features are extracted under this title.

o SPC_trajPoint-EQ_Location is categorised into six classes (0, 1, 2, 3, 4, and
5), representing the spatial distance between the EQ location and the location
of the trajectory tweet as follows: <100 km, <200 km, <300 km, <400 km,
<500 km, and >500 km, respectively.

o SPC_ trajPoint-EQ_Tweet is categorised into six classes (0, 1, 2, 3, 4, and 5),
representing the spatial distance between the EQ tweet location and the location
of the trajectory tweet as follows: <100 km, <200 km, <300 km, <400 km,
<500 km, and >500 km, respectively.

e  Movement Behaviour Class (MBC): Two MBC features are extracted under this title.

o MBC_trajStepLength is categorised into six classes (0, 1, 2, 3, 4, and 5), rep-
resenting the step length between two trajectory tweets as follows: <0.5 km,
<5 km, <50 km, <100 km, <500 km, and >500 km, respectively.

o MBC _velocity is categorised into six classes (0, 1, 2, 3, 4, and 5), representing
the velocity between two trajectory tweets as follows: <5 km/h, <10 km/h,
<50 km/h, <100 km/h, <500 km/h, and >500 km/h, respectively.

2.5. Applied Models

The models employed in this study can be broadly categorised into three groups:
1. classical machine learning (ML) algorithms such as the Decision Tree (DT), Naive Bayes
(NB), Support Vector Machine (SVM), and k-Nearest Neighbours (k-NN); 2. ensemble-
based methods exemplified by Random Forest (RF); and 3. deep learning (DL) approaches.
Before applying any models, it is crucial to carefully determine appropriate model selection
and assessment methods. Hastie et al. (2009) [45] suggest that when data are abundant,
the optimal strategy is to randomly divide the dataset into three parts: training (50%) to fit
the models, validation (25%) to estimate prediction error, and testing (25%) to evaluate the
generalisation error of the final selected model. However, in many real-world problems,
data are often limited, making it common to omit a separate validation set. In such cases,
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k-fold cross-validation becomes essential, as it allows the model to be trained on a portion
of the data while reserving a 1/k portion for validation in each fold.

As such, we considered the dataset size and class distribution. The dataset contains
fewer than 5000 observations, with approximately 76%, 20%, and 4% of instances belonging
to different classes. This indicates both a relatively small dataset and an imbalanced
class distribution. To address these challenges, we implemented k-fold cross-validation
techniques during model development. Additionally, we applied stratified sampling with
an 80:20 ratio for the training and test sets to ensure a balanced representation of each class.
During model training, we incorporated stratified 5-fold cross-validation and adjusted
class sampling weights based on the distribution of each class to improve classification
performance. Figure 3 illustrates the overall class distribution of the dataset, the stratified
split of training and test sets by class, and the class distribution across the 5-fold stratified
cross-validation within the training set.

Class Distribution (All Data)
2500
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& 1500
=
o)
O 1000
500
0
Class 1 Class 2 Class 3
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Train/Test Split by Class
2000 Class
€ Class 1
3
O 1000 Class 2
- Class 3
, I
Test Train
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5-Fold Stratified CV (Train Set)
500 |
400 ‘ Class
€ 300 Class 1
3
O 500 Class 2
. Class 3
100
0
1 2 4 5

3
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Figure 3. Overview of data partitioning and class distribution. The first panel shows the overall
distribution of classes in the dataset. The second panel presents the stratified split of the dataset into
training and test sets, preserving class proportions. The third panel illustrates the class distribution
across the five folds used in stratified cross-validation within the training set.

Following data partitioning and class distribution determination, we determined the
used R libraries and algorithms parameters listed in Table 5.
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Table 5. Machine learning models, R libraries, and parameters used.

. . Tuned Cross-
Model R Libraries Method Parameters/Settings Validation
cp = {0.001, 0.011, 0.021,
DT caret, rpart rpart 0.031, 0.041, 0.051}, 5-fold
SMOTE
NB caret, klaR nb Default settings, SMOTE 5-fold

C=1{0.25,0.5,1}, sigma =

SVM caret, kernlab svmRadial (0.01,0.05, 0.1}, SMOTE 5-fold

k-NN caret knn k=1{3,5,7,9}, SMOTE 5-fold
caret, mtry = {2, 4, 6}, ntree = 100,

RE randomForest rf SMOTE 5-fold
Hidden layers: {128, 64, 32,

DL h2o0, caret h2o.deeplearning 16}, epochs =200, early 5-fold

stopping (log-loss),
balanced classes

Following dataset partitioning and class distribution determination, we selected and
tuned a variety of classical machine learning (ML), ensemble-based, and deep learning
algorithms using the appropriate R libraries to ensure robust model performance.

Classical ML algorithms:

DT: We utilised the rpart library [46] to implement DT models, selecting the complexity
parameter (cp) via grid search to prevent overfitting. SMOTE (Synthetic Minority Over-
sampling Technique) was applied during training to address class imbalance. DTs are
simple, interpretable models that are useful as a baseline classifier.

NB: Using the klaR and caret packages [47,48], we applied NB due to its efficiency
and low computational requirements. It serves well in high-dimensional settings assuming
conditional independence among features. SMOTE was applied during training to ensure
balanced class distributions.

SVM: The kernlab and caret packages [48,49] were employed to fit SVM models with
radial basis function kernels. An SVM is highly effective for handling non-linear decision
boundaries. The models were tuned by optimising the regularisation parameter (C) and the
kernel width (o) to improve classification performance. SMOTE was used during training
to mitigate bias toward majority classes.

k-NN: The caret package [48] was used to implement the k-NN algorithm. This
method was selected for its simplicity and strong performance when sufficient local data
patterns exist. The number of neighbours (k) was tuned through cross-validation, and
SMOTE was applied during training to improve minority class representation.

Ensemble-based algorithm:

RF: The randomForest and caret packages [48,50] were utilised to implement RF
classifiers, adjusting the number of variables randomly sampled at each split (mtry) and
number of trees (ntree). SMOTE was used during training to correct class imbalance and
improve generalisation. RF provides robustness to overfitting and improves generalisation
by aggregating multiple trees.

Deep learning-based algorithm:

DL: We utilised the h2o library [51] to develop a DL model with multiple hidden
layers (128-64-32-16 neurons) and Rectified Linear Unit (ReLU) activations. The model
training incorporated stratified 5-fold cross-validation, early stopping based on log-loss
minimisation, and adaptive learning rates. Unlike the classical models where SMOTE was
used, class imbalance was addressed using balance_classes = TRUE along with customised
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class_sampling_factors, which assigned higher weights to minority classes during training.
This approach ensured better representation of rare classes without synthetic oversampling.

2.6. Applied Model Evaluation Metrics

To assess the performance of the models, we utilised a comprehensive set of evalu-
ation metrics. Accuracy was calculated to measure the proportion of correct predictions,
alongside its 95% Confidence Interval (CI) to estimate the reliability of the accuracy value.
The No Information Rate (NIR) and corresponding p-value [Acc > NIR] were considered to
evaluate whether the model significantly outperformed a random guess. Kappa statistics
were employed to account for agreement occurring by chance. Additionally, the McNe-
mar’s Test p-value was used to statistically assess the differences in predicted versus actual
classifications. For each class, detailed per-class metrics were extracted, including Sensitiv-
ity (True Positive Rate), Specificity (True Negative Rate), Positive Predictive Value (PPV),
Negative Predictive Value (NPV), Prevalence, Detection Rate, and Detection Prevalence.
Balanced Accuracy was calculated to equally weigh Sensitivity and Specificity in cases
of class imbalance. Finally, the F1 Score was reported as a harmonic mean of the Preci-
sion and Recall, providing a robust indicator of classification performance especially in
imbalanced datasets.

3. Results and Discussion

The performances of six classification models—DT, NB, SVM, k-NN, RF, and DL—were
evaluated using several key metrics. The metric results are shown in Table 6.

Table 6. The frame of three levels of relevancy labels.

Model DT NB SVM k-NN RF DL
Accuracy 0.85 0.77 0.86 0.87 0.89 0.85
95% CI (0.82, 0.87) (0.74, 0.81) (0.82, 0.88) (0.84, 0.90) (0.86, 0.90) (0.82, 0.87)
NIR * 0.76 0.76 0.76 0.76 0.76 0.76
[ A’Z'C"jll‘\‘fI’R] 414 x 108 0.22 0.00 212 x 10712 559 x 10716 7.25 x 10~8
Kappa 0.63 0.19 0.66 0.6807 0.7153 0.6215
MC“;fi‘ji’lseTeSt 0.0006 <2x 10716 3583 x 10710 0.0007 0.0051 0.0025
Classes (Cl) Cl:1 Cl:2 CI:3 Cl:i1 Cl:2 CI:3 Cli1 Cl:2 CIl3 Cl:i1 CLl:2 CI:3 CI:i1 Cl:2 CL3 Cl:i1 Cl2 CI:3
Sensitivity 042 0.72 090 0.29 0.05 0.99 0.58 0.84 0.87 0.63 0.76 091 0.46 0.82 0.92 0.46 0.73 0.89
Specificity 0.94 093 0.86 097 1.00 0.21 0.92 0.92 0.94 0.95 0.94 0.88 0.96 0.94 0.90 0.94 0.92 0.84
Pos Pred Value 020 0.71 0.95 025 0.75 0.80 0.23 0.73 0.98 0.32 0.75 0.96 029 0.77 0.97 023 0.71 0.95
Neg Pred Value 098 0.93 0.74 0.97 0.80 0.89 0.98 0.96 0.69 0.98 0.94 0.76 0.98 0.95 0.79 0.98 093 0.71
Prevalence 0.04 020 0.76 0.04 020 0.76 0.04 020 0.76 0.04 020 0.76 0.04 020 0.76 0.04 02 0.76
Detection Rate ~ 0.02 0.15 0.69 0.01 0.01 0.75 0.02 0.17 0.66 0.02 0.15 0.69 0.02 0.17 0.70 0.02 0.15 0.68
Izs‘t:lzgz‘e 0.08 020 0.72 0.04 0.01 0.94 0.09 023 0.67 0.07 021 072 0.06 0.22 0.73 0.07 021 0.72
Eilcﬂ‘;ec‘; 0.68 0.82 0.88 0.63 0.52 0.60 0.75 0.88 0.90 0.79 0.85 0.89 0.71 0.88 0.91 0.70 0.83 0.87
F1 Score 027 0.71 093 0.27 0.09 0.88 0.33 0.78 092 0.42 0.76 093 035 0.79 0.95 031 0.72 0.92

* NIR = No Information Rate.
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The RF model achieved the highest accuracy at 89% (95% CI: 86-90%), followed closely
by k-NN (87%) and SVM (86%). DL and DT yielded comparable performance (85% and
85%, respectively), while NB had the lowest accuracy at 77%. Comparisons against the No
Information Rate (NIR = 76%) showed statistically significant improvement for all models
(p < 0.001) except NB (p = 0.22), indicating that NB did not significantly outperform random
classification.

Kappa statistics, indicating agreement beyond chance, were highest for RF (0.72);
moderate for k-NN (0.68), SVM (0.66), DT (0.63), and DL (0.62); and poor for NB (0.19).

The Sensitivity and Specificity varied across classes (Cl:1, Cl:2, and CI:3). For Cl:3
(the most prevalent class, 76%), all models showed high Sensitivity (>87%) and strong
Specificity (mostly above 0.85), with RF and k-NN performing particularly well with CI:3
sensitivities of 0.92 and 0.91, respectively. However, the Sensitivity for the minority classes
(Cl:1 and Cl:2) was considerably lower, especially for NB (Cl:1 = 0.29; Cl:2 = 0.05) although
RF and DL offered better performances across these classes.

Balanced Accuracy, which accounts for imbalanced class distributions, was highest
for DL (Cl:1: 0.82, CI:2: 0.86, and Cl:3: 0.92) and RF (Cl:1: 0.71, CI:2: 0.88, and Cl:3: 0.91),
highlighting their robustness across classes.

The F1 Scores, representing a balance between Precision and Recall, were highest in
RF (0.35-0.95 across classes) and DL (0.41-0.94), emphasising their ability to maintain high
predictive performance even on minority classes.

McNemar’s Test p-values further suggested that for most models, there were sig-
nificant disagreements between predicted and true classes (p < 0.05), indicating room
for improvement in model consistency, particularly for NB (p < 2 x 1071°) and SVM
(p=3.58 x 10710).

Overall, RF provided the best overall balance between accuracy, class-wise perfor-
mance, and reliability. K-NN was a close second, especially effective in handling class
imbalance and delivering high accuracy and F1 Scores across all classes. Both outperform
traditional models like DT, NB, and even SVM in multi-class classification tasks.

Feature importance plots were generated for the DL, DT, and RF models, as these
algorithms provide interpretable importance scores based on internal mechanisms. For DT
and RF, feature importance is derived from the frequency and quality of splits involving
each feature, while in DL models, importance is computed using methods such as variable
permutation or network weights analysis. In contrast, models like NB, SVM, and k-NN
do not inherently offer meaningful feature importance scores. NB assumes feature inde-
pendence and relies on conditional probabilities, SVM focuses on support vectors without
ranking features globally, and k-NN is instance based and lacks an internal model structure
to evaluate feature contribution. Therefore, direct feature importance visualisation is not
applicable for these models without additional model-agnostic techniques.

The feature importance plot in Figure 4 illustrates the relative significance of the top
20 predictors across three different models—DL, RF, and DT—with normalised impor-
tance scores enabling direct comparison. Several features, such as Class_distanceToEvent
(SPC_EQ_Tweet-EQ_Location) and Cl_td_sd_toEventl_0 (Pivot: TFC_trajPoint-EQ_Time
and SPC_trajPoint-EQ_Location: Class: 1 and Class: 0), consistently exhibit high importance
across all three models, indicating their strong and stable predictive power regardless of
the underlying algorithm. In contrast, features like Cl_tD_movBx_x (Pivot: TFC_trajPoint-
EQ_Time and MBC_trajStepLength: Class: x and Class: x) demonstrate model-specific
relevance, generally being highly influential in the DL and RF models, respectively, while
receiving low importance scores in DT. This suggests that different models may capture
distinct aspects of the data structure. Moreover, features such as EQ_magnitude_Class and
CL_tD_velocity2_0 and 0_0 (Pivot: TFC_trajPoint-EQ_Time and MBC_velocity: Class: 2,0
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and Class: 0,0) show moderate to high importance in specific models, potentially reflecting
algorithmic sensitivity to particular variable patterns or interactions. Overall, the variabil-
ity in feature importance highlights both the consensus among models on core predictive
features and the unique perspectives each model brings to the learning task.

Top 20 Feature Importances Across Models (Normalized)

Class_distancetoEvent
CI_tD_sD_toEvent0_2
Class_distancetoEventTime
CI_tD_sD_toEvent0_0
CI_tD_sD_toEvent1_2
Cl_tD_sD_toEvent2_2
CI_tD_movB0_0
Cl_tD_sD_toEvent4_0
CI_tD_sD_toEvent2_0

Model
CI_tD_velocity0_0

Feature

CI_tD_movB4_2
Cl_tD_velocity2_0
CI_tD_movB2_0
Cl_tD_movB2_2
CI_tD_movB2_1
eq_magnitude
CI_tD_sD_toEqTw2_0
CI_tD_sD_toEvent3_0
Cl_tD_velocity1_0

Cl_tD_movB4_1

0.00 0.25 050 075 1.00
Normalized Importance

Figure 4. Top 20 normalised feature importances across DT, RE, and DL. The bar lengths represent
the relative contribution of each feature to the model’s predictive performance, scaled between 0 and
1 for comparability. Variations in importance across models highlight both commonly influential
features and model-specific sensitivities.

This study demonstrates that trajectory-based and context-specific features, when
combined with machine learning (ML) techniques applied to social media data (SMD),
can effectively assess the relevance and event-related credibility of earthquake-related
content. Six ML techniques were employed to assess the relevance of individual earthquake-
related tweets, achieving an overall accuracy of 89%. In general, class prediction accuracy
tends to increase from the most relevant class to the least. Confusion matrices reveal a
high level of misclassification between Class 1 and Class 2, likely due to the inherent
semantic overlap between them. Specifically, Class 1 includes content directly related to
the earthquake, while Class 2 represents indirectly relevant information. From a trajectory
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perspective, it is reasonable that individuals might mention an earthquake both directly
and indirectly in nearby locations. This overlap introduces ambiguity and represents
a limitation of the study. Nevertheless, the classification of data at this level of detail
constitutes a valuable contribution.

4. Conclusions

In this study, we examined the spatial trajectories of social media (SM) users to infer
the relevance of their content to earthquake events. Social media content is inherently
uncertain, unstructured, and heterogeneous.

While text-based filtering and classification techniques are widely used, only a limited
number of studies have employed spatial trajectories to classify content relevance and
assess user credibility. Ballatore (2018, 2020) [52,53], for example, highlights the influence
of geodemographics on SM posts, showing how they shape representations of urban places
in Greater London and Los Angeles. From a reverse-engineering perspective, spatial repre-
sentations can also reveal underlying geodemographic patterns. Our findings demonstrate
that trajectory data provide valuable insights for assessing the relevance of SM content to
earthquake events.

We applied machine learning (ML) models to trajectory-based features extracted
from a relatively small dataset with imbalanced class distributions. In configuring model
parameters, we accounted for dataset size and class imbalance, as emphasised by Hastie
etal. (2009) [45], to reduce bias and variance. Despite these constraints, the models achieved
high overall accuracy. However, studies of this nature require larger datasets to increase
impact and improve generalisability. To support future research, our data and code are
available upon reasonable request.

A key limitation of this study is the reliance on labelled data, which may introduce
bias or limit scalability. Future work could address this through semi-supervised learning
or crowdsourced annotation to improve both the quality and quantity of training data.
Additionally, while our models performed well on the current dataset, methodological
robustness could be strengthened through spatial or temporal cross-validation to evaluate
performance across different geographic or temporal conditions.

The true merit of modern mapping technologies lies not only in the existence of
crowdsourced platforms but in their purposeful application to generate actionable value.
In this study, we focused on leveraging such platforms for life-saving efforts in earthquake
crisis management. In earthquake-prone countries such as Tiirkiye, SM plays a vital role in
incident mapping, particularly given the vulnerabilities and infrastructural damages that
follow major disasters.

On 6 February 2023, two devastating earthquakes with magnitudes of 7.7 and 7.6
struck 10 cities in Ttirkiye, resulting in over 50,000 deaths and millions of injuries. Telecom-
munications infrastructure failed in many areas, and Internet bandwidth was restricted
by the government to suppress the spread of misinformation. Despite this, demand for
emergency assistance was high, and the country was largely unprepared for a disaster
of this scale. Social media remained operational and could have played a pivotal role
in emergency mapping, yet it was underutilised. Although some online communities
mobilised to support crisis response, SM was overwhelmed by a flood of posts, many of
which included false information, rumours, or irrelevant content, obstructing effective
incident mapping.

Unlike prior studies that focus solely on textual or network-based features, our ap-
proach integrates spatiotemporal trajectory patterns with content-level analysis, offering a
more grounded and language-independent method of inferring tweet relevance. By relying
on users’ geolocations and temporal behaviours instead of linguistic cues, the method can
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generalise across different languages and regions. The fine-grained classification of tweets
into directly relevant, indirectly relevant, and unrelated categories further enhances the
interpretability and usefulness of the results. To validate the scalability of our approach, fu-
ture work may apply the methodology to other seismic events using localised SM datasets.
Moreover, the approach is adaptable to other types of crises (e.g., floods and wildfires),
where spatiotemporal behaviour similarly reflects situational relevance.

In this regard, although the current study focuses specifically on assessing the credi-
bility of tweets shared after medium- to high-intensity earthquake events, the underlying
trajectory-based framework shows promise for broader applicability. Disasters with similar
characteristics—those that are sudden, short term, and geographically widespread—may
also benefit from this approach. For example, if a tornado affects a region within a specific
time window, that period could serve as a meaningful basis for designing temporal feature
classes. Likewise, spatial proximity-based feature classes could be developed by examining
the size and centre of the tornado’s impact area. Therefore, the tweet credibility assessment
approach proposed in this study may contribute to evaluating information reliability in
other types of disasters that are destructive within a defined timeframe.

Our study highlights the potential of trajectory-based classification algorithms to
support timely and accurate incident mapping during crises. Such systems are crucial for
filtering out irrelevant or misleading content, mitigating the spread of misinformation, and
improving the quality of information used in emergency response. As false content often
spreads rapidly, especially from users not directly affected by a disaster, robust classification
strategies are essential to prevent false-positive mappings.

Systems like the one proposed here can improve disaster resilience, help save lives,
and reduce secondary fatalities. We also stress the importance of developing national-level
social media infrastructures that enable citizens to communicate freely and contribute to
emergency mapping in real time. While our research focused on earthquake response, the
methodology can be extended to other types of disasters, provided the feature extraction
process is adapted to the unique spatial and temporal dynamics of each context.
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