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Abstract

Road traffic accidents (RTA) are a prevalent cause of fatai.‘y with African countries having the
highest fatality index (25-34 per quota). The World Healti. “cganization estimates Kenya’s fatality
rate due to RTA at 28 per quota. From literature, th- ~ountry s fatality and injuries have increased
by 26% and 46.5%, respectively, since the year ?(1%. " 'he country is faced with incomplete RTA
data capturing, hindering effective planning ~nu nolicy adjustments to curb the menace. In this
paper, we scrapped user-generated data ['w'.ter) and national transport and safety authority’s
(NTSA) reports to shed light on traffic safety, ~ractices, and cultures in the country. To this end, we
gathered 1,000,000 tweets and 8000 sp.=ding entries between 2015-2021 and performed natural
language processing (NLP) and quant’. “ve study of the data. We applied NLP and n-gram search
of keywords to categorize data info 3 ‘opics: traffic, public service vehicle (PSVs), policing,
accident, infrastructure, recklessess, wobbery, and corruption. From the data, policing, which
touches on all police and law-¢ for. ment-related activity was found to be highly correlated with
PSVs, recklessness, accidents, treffic congestion, robbery, infrastructure, and corruption with
indices of 1(76) = 0.92, 0. 91, 2.7, 0.82, 0.81, 0.76, and 0.70, respectively with p<0.001. The topic
modeling confirmed the ide tified topics to be the latent discussion issues affecting the public.
From the study, PSV. poucing and traffic flow were isolated as key issues that ought to be
addressed immediately T.ae research recommended the integration of driver monitoring systems to
strengthen policing. The research, which utilized unstructured data, points to the utility of data
mining which would greatly benefit traffic research, particularly African-based studies, that suffer
from data inadequacy.
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1. Introduction

Road traffic accidents (RTA) are a global public health concern. According to the World Health
Organization (WHO), 1.35 million people die annually due to RTAs [1]. As per the statistics by
WHO and other sources, the fatality rate is highest in African countries with an indexed estimate
between 25-34 per 1,000,000 population [2]-[4]. According to the year 2020’s RTA trend analysis,
Kenya’s fatalities and injuries have increased by 26% and 46.5%, respectively, compared to 2015
[5]. Incidences involving vulnerable road users (pedestrians, motorcyclists, cyclists, passengers, and
pillion passengers) have reported an increase of over 300% over the same period. RTAs are
estimated to cost a country 3-5% of the gross domestic product in terms of Medicare, insurance, and
loss of productivity, with 93% of all world accidents occurring in lov - and middle-income countries
[1], [3]. [6]. The impacts make accidents a social issue worth conside. .. < for all stakeholders.

Several interventions and remedies have been investigated and app ied in traffic studies with
varying successes. Speed regulations are a universal and nature . res yonse given the global evidence
against excessive speeding [7]-[9]. Modernizing the road inf+ 1st: .- .are with smart streets to cater to
various mobility needs has been cited to improve safety ['C] |.']. Embracing modern technologies
is viewed as a way to iteratively monitor and improve tu nv Itidisciplinary field of road transport
[12], [13].

Proactive policing and quality data gathering me:l.-ais.n is at the center stage of improving road
safety. From literature, developing countr'c 1n.+dly have any traffic data as well as weak
mnstitutions that lead to a deteriorating RT.. sif.ation [14]. The reported literature focuses on small-
scale surveys with hardly any sensor data 1. validate the findings against except surveys and
hospital/police reports [15]-[18]. Primai.'v, the data collected from hospitals and police reports
only touches on major incidents (acc’de."s) since that is when motorists involve authorities; minor
collisions and or traffic flow is har*lv ' umented [19]. As such, alternative data mining methods
become necessary to quantify treil ¢ treads and culture. In a previous paper, we looked at the traffic
data availed to the public thro.h tue police and transport agency [5]. We found the data to be
limited in its coverage and gross'v underreported.

In a bid to further disint: gra. > the problem of road traffic and related studies, literature has focused
on user-generated dat., wih [witter data ranking highest. In this regard, user data is perceived as a
complementary source 1iat enriches conventional modes of data gathering like cameras and
inductive sensors with the advantage of ubiquity that is, non-geo-limited live data [20]. Using user-
generated content, it’s possible to get inexpensive and widespread information on both recurrent
and non-recurring traffic conditions (e.g., traffic trends and unpredictable incidents such as crashes).
Reports indicate an increasing internet penetration in African countries more so with the
proliferation of social media. Kenya internet integration is estimated at 85% with 3 — 9 Million
registered Twitter users [21], [22]. The data being generated by users would as such be a
representative sample of the population.

Previous studies using user-generated data have targeted identification of traffic jams, the
occurrence of events like accidents, prediction of travel patterns, sentiment analysis among others
[23]-27]. The study in [28] suggested a method for generating a machine learning prediction
model using geocoded traffic-related data from Twitter to get spatiotemporal traffic congestion
information of Mexico city. A paper targeting the generation of real-time localization of accidents






in Kenya was conducted in [29]. In the paper, the authors utilized Twitter data from Ma3Route and
other machine learning approaches to create crash data and locations. Another research compared
the association of traffic volumes and locations between target and ground-truth tweets using
variants of Pearson Correlation Coefticients [23].

The way data 1s treated in user-based studies is either by quantitate/aggregate of tweets, retweets,
and mentions [27], [30]-[32]. The other alternative is the use of natural language processing (NLP)
which is a subset of machine learning (ML) algorithms. NLP methodologies have been applied in
diverse fields in research where the data is text-based [33]-[38]. Transportation-related studies
using NLP and specifically topic extraction have been conducted targeting accidents, tratfic flow,
logistics amongst others [39]-[41]. As computing power increases, M.T algorithms and by extension,
NLP algorithms will achieve human-like comprehension of data a* 2 1. assive scale, thus making
their integration into society more impactful.

Related research is reported in [39] where the authors utiliz>d N [LP-based topical extraction to
analyze near-collision events of cyclists data from a ciowdsourced platform, BikeMaps.org.
Another similar research is a case study done in Wasng ‘on DC reported in [42]. The study
focused on 4-year historic tweets with the keyword "tratil~ safety" in the country. The corpus of
tweets was subjected to sentiment analysis using an >~traction—transformation—cleaning procedure.
Citizens' opinions were analyzed to evaluate the t'~.va ice of reducing deadlines, vehicle security
concerns, and the implementation of transport-*o.. and official regulations.

1.1. Present study

The present study investigates the polic.>s and traffic-related practices in the country. The main
objective is to identify the interlinks b.ween traffic practices and policies in place using user-
generated data to derive an overvie'v ¢~ t affic conditions in the country. In previous research, we
explored fatality and daily incidei. repcrts to identify trends and accident fatality in the country [5].
The study mined data from rep. “ts and accident statistics compiled and available to the public by
the NTSA (https://www.nfsa.g. ke/site/) between year 2015 - 2020. Some of the challenges
identified are scarcity, th~ ax:~.it, and coverage of the data in agreement with other researchers
targeting African trewsportat on studies. Additionally, the data does not describe the prevailing
conditions of the traffic ‘ncidents (e.g., drunk drivers) but rather focuses on the numerical reports
(e.g., number of fataliti~<,.

The present study involves data mining from Twitter and national transportation and safety
authority (NTSA) data sources. Primarily, we targeted user-generated content (tweets) describing a
different aspect of traffic. This way, we hope to derive more generalized behavioral tendencies that
characterize the road conditions in the country. To this end, the present study targets to mine
information touching on the following broad categorization; accidents, reckless driving, traffic
congestion, policing, corruption, robberies, public service vehicles, and road infrastructure.

To achieve this, we employ NLP methodologies to analyze user-generated textual data. The data is
aggregated to a representative index or using NLP and machine learning (ML) lexical approach, in
this case, topic modeling and sentiment analysis. In summary, the study tries to answer the
following questions.






I.  Validation of user-generated data with NTSA incident reports.
II.  Investigate the correlations between the identified categories.
III.  Perform natural language processing on the user-generated data to infer latent interests of
road users and the corresponding implications of the identified topics.

The rest of the document is distributed as follows. Section 2 gives an overview and issues faced in
the Kenyan roads. Section 3 gives the methodology adopted in the study. Section 4 presents the
results. Section 5 & 6 gives the discussion and conclusion of the study, respectively.

2. Kenyan traffic culture and policies
In Kenya, road transport is managed by the ministry of transpo. *. ir frastructure housing, urban
development, and public works. So far, the government throu :h . ¢ ministry has worked towards
improving road conditions and safety through policy refin~ ne..* and infrastructure development.
This section explores the prevailing road traffic situatior-, no.’cies, and challenges and how they
contribute to RTAs in the country.

Public transport in the country is driven by privately - vned vehicles, public service vehicles (PSV)
popularly known as matatu, operating in the courti - fo lowing licensing through various licensing
bodies [43]. At present, a PSV is any vehic!. “ha. 's licensed to ferry the public on Kenyan roads.
This includes buses, mini-buses, vans, a. 1 rani-vans, 3-wheel motorcycles, motorcycles, taxis
amongst others. The most popular category ¢ “ PSV vehicles is the vans and mini-buses that are
legalized to carry between 14 -29 passen._ers (the usage of the word Matatu conventional points to
this category of PSV vehicles). Seccao  popularity is the motorcycle (Boda-boda) and tricycle
taxis (tuk-tuk), with a legalized pas<~ng >r ;apacity of 1-3 passengers.

The ministry of transport's sessinal naper on integrated national transport policy and other efforts
led to the creation of the NTS.' w. ich was established in October 2012 to harmonize road transport
and improve safety in the ¢ unt'y. The body is mandated with licensing, policy formulation, and
overseeing road transpor atic 1. NTSA has established and implemented several regulatory policies
with varying success. So.~~ of the current regulations and policy in place are as follows; All PSVs
seats are fitted with seat elts, fitting of PSVs with speed limiters of 80km/h, painting with a 150-
millimeter width yellow band, and legalized passenger count to distinguish between non-PSVs of
the same vehicle make, uniform accompanied by badges of registered driver and conductor, full-
time employment of conductor and driver, requiring PSV owners to belong to a SACCO or
registered company with a defined route. The effectiveness and reach of the interventions and
regulations established by relevant authorities have been sporadic as reported by various outlets and
witnessed in revamping efforts of lax enforcement [43]-[45].

From the literature review and previous studies, the leading issues affecting road transport in Kenya
are listed and explored in the proceeding sections.

1. Public road safety and recklessness as seen in accidents and collision
ii.  Policing and impediments of law enforcement through corruption and bribes.
iii.  Crimes targeting motorist and other commuter related issues






1v.  Road infrastructure, and traffic flow bottlenecks

2.1. Safety, traffic accidents, and recklessness

Traffic accidents and reckless driving are highly correlated with a causal relationship. From
literature, RTAs are attributed to either road infrastructure and environment, vehicular problems, or
human factors [46]. Over 90% of all accidents are caused by various human factors ranging from
psychological to behavioral tendencies. For instance, WHO lists drunk and distracted driving as top
of the risky behavior that aggravates accidents. Drunk driving (driving under the influence of
alcohol) and any psychoactive substances increase the risk of a crash fivefold compared to non-
drunk drivers [1], [47]. In contrast, distracted driving increases 11k four to fivefold, making it
arguably more severe than drunk driving [1]. Researchers have ideni.%ed over speeding, one of
reckless driving behavior, to be correlated with the likelihood and evei 'ty of RTAs. A 1% increase
in average speed yields a corresponding 3% increase in serious ...."h .18k and a 4% increase in fatal
crash risk [1,36]. According to the national highway traffic s~ fc*v 2 Iministration, 26% of all traffic
fatalities reported in the U.S. were linked to speeding for the y.ar 2018 [47].

Figure 1 shows incidence counts and estimated impactea <<.s per the involved mode of transport
from the 2016 data mining study of traffic accidents in .senya [49]. From the figure, it is clear that
personal vehicles lead to traffic incidents. Howeve ', »a: ed on the number of users in each car, the
impacts of PSV are severest. If we consider 2 1 -seawer minibus, 14 people are endangered every
time an accident occurs. Compared with r.rsc 1al cars (maximum occupancy of 5 people), trucks
(occupancy of 3 people), and motorcycles (oc npancy of 2 people). The traffic accidents situation in
the country is dire with outcry from al ~eencies. Despite this, few research activities and remedial

efforts being taken, if any, are minima’ .~ cc mparison to the problem at hand.
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Figure 1. Accident estimates for involved groups from incidence count in the country






2.2. Policing and impediments to policing through corruption

At the heart of the success of any policy and regulations is the effectiveness of policing. Road
regulation enforcement is a difficult task considering the vast number of motorists contrasted with
the low numbers of law enforcement officers. As such, a great deal of cooperation between road
users, policymakers, road designers, and law enforcement is needed. The current approach to road
traffic and safety places all responsibility on the road user as opposed to an integrated view as
witnessed through initiatives like Zusha. Several authors have called out policing as an impediment
and a major barrier to safety [48, 49]. The consensus is that policin‘; activities in the country need
reforms.

From news agencies, police conduct random crackdowns on ncn-cc aforming motorists, which
inconvenience passengers more than solve the problem of 110tc ists flaunting traffic rules. As
pointed out by [52], crackdowns are disruptive and interfere ‘viti, 2.e citizens' socio-economic well-
being in the commuters' eyes. PSVs operators often comp’. < « at the police harass and/or mistreat
them without any justifiable reason other than to coai.> a oribe [53]. This maltreatment might
indirectly trigger the flaunting of traffic rules which s m.ve rampant among PSVs than other
motorists. According to a report by Transparency I ite.rational, a body that aims at transparent and
corruption-free Kenya, 86%o0f PSV operators in-ca.. 2 preferring to resolve traffic-related matters
outside courts owing to collusion at the cour.s a 1d ti.2 judicial systems [45].

Another drawback in policing has to do with ... monitoring strategy used in the country, i.e., static
checkpoint systems. The drivers already *now of the monitored zones and/or communicate with
other drivers to notify them of upcon m . ~heckpoints. This way, reckless driving behavior outside
of the monitored zone is hard to ~uzt'cy. As of 2020, the inspector general of police issued
directives to regulate checkpoint. and roadblocks along highways, with a focus on mobile patrol
units [54]. This measure was c.nsiacred as a means of putting a stop to widespread extortion as
reported in the media and bv vic “ms of the heinous acts [14], [53], [55].

2.3. Crimes targeting n. torist and road users

In a typical matatu operation, a conductor collects trip-based ticket fees and regulates the collection
and dropping off of passengers, sometimes in an illegal manner (non-designated drop areas). The
matatu terminals (stage) are often controlled by either privately organized groups or the SACCO
management team to beckon passengers, regulate the flow and order of transit. This increases the
chaos when boarding a matatu as competing teams will create fracas while beckoning passengers to
different vehicles, creating an environment conducive to criminal activities such as pickpocketing.
Additionally, muggings and robbery of valuables and car parts (side mirrors and other accessories)
have increased particularly during traffic snarls. Vandalism has also been used as a tactic to distract
motorists to initiate a full-fledged carjacking or robbery.

Besides insecurity, passenger comfort has been one of the least prioritized aspects of most PSVs,
with acts ranging from outright insults to overcrowding passengers with little regard for regulations.






Overall, multiple researchers have faulted the mode of public transport in the country concerning
safety and conduct [56]-[58].

2.4. Infrastructure and traffic flow

Infrastructure is a major impediment to traffic flow in any country. In Kenya, the conditions are no
different. Since 2005, the Kenyan government has actively been improving the road infrastructure.
At present, several agencies are mandated with updating and planning of road infrastructure: Kenya
national highways authority, the Kenya urban roads authority, and the Kenya rural roads authority.
Nairobi-Thika Superhighway, JKIA-Westlands Highway, Eastern, .. uthern and Western Bypass,
and other projects are taking shape to facilitate flow in the ¢., a..ongst other places. The
construction of such projects principally requires the closure or div rsion of currently existing
routes which adds to the agony in the form of traftic congestior As »f 2020, the country had a total
of 177,800 kilometers of road networks, both classified and * nc..2sified, with 16,902 kilometers of
these roads paved [5].

Despite the progress in the road network, the rate of infras. ucture development is not fully at par
with motorization as witnessed in the congestion an-. ¢ idlocked nature of traffic in the country. The
country employs speed bumps as a deterrent to sy e “1n-,. Occasionally, the bumps are unregulated,
unmarked, and degrade to being a risk hazar > |59, 160]. The lack of functioning traffic lights, road
markings, and signage are also raised as " p.int of concern. Pavements and designated cycling
zones have gained popularity with alternative means of commuting. Particularly in the big cities,
pavements and walk paths are usually co.~fiscated by groups of riders and converted to boda-boda
terminus if not relegated to kiosks or 710 « * vehicle repair garages.

3. Methodology
Figure 2 shows the workfi.v a1opted in the present study. Details about each of the steps are
described in the sections oelc v.

3.1. Data collection an 1 processing

We mined data from puultic repositories and transport agency in Kenya to achieve the objectives of
the paper. Two sources were considered, the NTSA website and Twitter. NTSA collects, analyzes,
and disseminates public traffic data and policies transparently to bring safety sensitization. Data
collection involved downloading all entries availed in the website entry by entry. The speeding
incident report sample data was published as a word document shown in samples in Table 1. The
table lists incidents based on the regional camera. The first column shows the region's name, and the
second column shows the province where the station is located and the corresponding number of
cases between 1% January to 31% December 2016.

The word files were parsed using Matlab to extract numerical arrays. The total reports available on
the website were one hundred and eighty-eight (188) daily reports (out of 365 possible entries in a
year). The collected forms featured 43 location-based entries (stations), yielding over 8000 entries.
A key point to note is that the data does not provide contextual information per entry but rather
incidence count.






From Twitter, we scrapped historical data (tweets) through two libraries to access Twitter APIL,
Tweepy and Twint as commonly utilized in literature [24, 27]. The scrapping process was done in
compliance with Twitter’s Terms of Service. We scrapped tweets that are traffic-related between
January 2015 and July 2021, i.e., we searched for #KenyanTraffic and #Matatu as keywords. The
leading sources, mentions, and retweets for the keywords were two Twitter handles @Ma3Route
and (@KenyanTraffic. Ma3Route and KenyanTraffic are mobile/web platforms that crowd-sources
for transport data and provide the public with traffic information. Ma3Route data has been at the
forefront of generating traffic-related information used in various traffic research in the country
[61]-[64]. As such, we utilized the two Twitter handles and generated ~1M tweets as JSON
(timestamp and tweet) and converted the data to frames using Python™®.
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Figure 2. Flow chart of data collection processing and analysis adopted in the paper







Table 1. Sample speed incidence report showing stations and corresponding counties

30/3/2016
DAILY SPEED CASES WITH EXISTING REGIONAL CAMERAS
S/INO STATION REGION CASES REMARKS
1. ROADSAFETY HQRS 6
2. EMBAKASI NATJROBI 14
3. KABETE NATROBI -
4. LANGATA NAIROBI -
5. THIKA CENTRAL -
6. NYERI CENTRAL _
7. MAKUYU CENTRAL 12 N
41. GARISSA N/EASTERN -
42. ATHIRIVER EASTERN -
43. MWINGI EASTERRN L2
TOTAL | SPEED CASES COUNTRY WIDE | 206

3.2. Data cleaning

After extraction, total speeding cases for each entry were rec ~rded and grouped in months. The data
is described in Table 2. The collected speeding d- @ had missing data for three months, August,
September, and December. April had two entries w il July and February had a complete logging
entry. The total entries availed per month ar. s. ow.~ as count in the table totaling 188 for the entire
year. For April, August, September, anu D .cember, we imputed the data with the k-nearest

neighbors' regression algorithm with k=3.

Table 2. Descriptive statistics of the sro. Ting instances
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Figure 3 shows the distribution plot of speeding instances recorded in the country. The trend of the
data will be compared with other driving behavior data for the same period. There are no extra

speeding records availed to the public since then.
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From Twitter, a corpus of about 1,000,000 tweets w as .ecorded in the study for data between Jan 1%
2015, to July 31%, 2021. The data were clean d ~ .emove English language stop words and
common messaging shorthand expressions i 2~ ~tw”, “u”, “RT”, “lol”, etc. We also removed
hyperlinks, punctuation marks, special chai. ~f.rs and emojis, numbers, hashtags, and user mentions.
We removed commonly appearing names ana laces like town, road, avenue among others. Since
the objective of the study was not to analy.= geo-location, we removed visually observable frequent
locations and places. Further, we rem ove!' 2ntries with less than 3 words from the data. From these

processes, we had 770, 482 proces .. 11.7_ets from the initial corpus of 1M.

We further searched specific pl> -ase. (n-gram search with n varying from 1 to 3) to broadly group
the processed data into ‘releva.t’ or ‘other’ category. The relevant categories were identified from
the main issues facing the co.ntry as listed in the introduction and distilled into eight topics: traffic,
PSV, policing, accident, infr. structure, reckless behavior, robbery, and corruption. The categories,
corresponding search | rascs, and total counts are listed in Table 3. The count shows the aggregate
sum of tweets categorizer in that topic. Note that in most cases, multiple topics were registered for
the same tweet based on the content. All other tweets that could not be accurately placed, though
containing relevant information, were categorized as ‘other topics’ and not considered further.

Table 3. Search phrases for categorizing tweets into distinct groups

Topic Sample search phrases Count
Traffic 'traffic jam', 'snarl', 'congestion’, Jam', 'bumper to bumper', ‘breakdown’, | 266,988
'clear’, 'gridlock’, 'standstill', ‘moving', 'slowing'
PSVs 'psv', 'psvs!, 'taxi', 'bus', 'bodaboda', ‘nduthi', 'motorcycle rider', 'pikipiki',
'tuktuk’ 118,518
Policing 'cop’, 'cops', 'police’, 'karao', 'askart', 'ntsa', 'authorities’, 'patrol' 53,285
Accident 'traffic accident’, 'collision', 'hit and run', 'injured’, 'injuries’, 'dead’, 'fatal’, | 52,826
'lost life', 'perished’, 'head on collision’, 'overturned’, 'run over',







'crashed’, 'knocked down'

Infrastructure | 'road works', 'potholes', 'lane block', 'construction', 'street lights', | 19,031
‘pavements’, bumps', 'road markings'

Recklessness | 'overspeed', 'madness’, 'mad driver, 'crazy driver', ‘carelessness', | 21.009
'overloading', 'reckless', 'drunkard’, 'drunk driving', ‘reckless’,

'overlapping'
Robbery 'thieves', 'vandalism', ‘'vandalize', 'mugging', ‘'snatch', 'carjacker', | 11,930
'robber’, 'thief, 'thugs', "pickpocket’
Corruption 'bribe’, 'extortion’, 'kitu kidogo', "hongo'
3,737
Others Any category not fitting the search criterion 332,032

Table 4 shows time-stamped sample data with tweets, processed tweei. and the categorization of
data to the corresponding topic. Topical constitution is indicatec wit, a flag of either 0 or 1 to
indicate the presence/absence of mentioned topic. The output c. u.* avove processes is captured in
Table 4.

Table 4. Sample data-frame showing tweets, correspondir £ p. rcessed text data and topical flags

Datetime 2021-07- | 2021-07-07 13:51:17 2021-07-07 [ 2021-07- 2021-07- | 2021-07-07
07 174,17 07 07 13:09:17
14:00:47 A 13:44:47 13:26:47

Tweet 08:00 07:51 V7:45 Those | 07:44 07:26 07:09
Mombasa | @KiambuCounty’sov | people who | Whats Thika Cyclist
rd ni @Hon JamesNyorc used to see | happening | Road down
nywee Thika ... Uhuru in on Kiambu | traffic critically
apart from ca... Road. We | givesmy | injured two
this bus ... have ... sleep moto...

- depriv...

Processed clear apart | dirty sb- vs e. pty sex | people used | whats traffic cyclist
bus stalled | work- rs w ~rkers see happening | gives critically
inbound eve v camouflage | stuck one sleep injured
exercise burials spot deprived | motorcycles
pati... carrying c... self extra | entangl...

N | L hours...

Traffic 1 | v 0 0 1 0

PSV 1 0 0 0 0 1

Policing 0 0 0 0 0 0

Accident 0 0 0 0 0 1

Infrastructure | 0 0 0 0 0 0

Reckless 0 0 0 0 0 0

Robbery 0 0 0 0 0 0

Corruption 0 0 0 0 0 0

Other 0 1 1 1 0 0

3.3. Data analysis

The grouped (topical) data was aggregated monthly/quarterly to obtain a numerical value of
mentions and tweets related to a given topic. It was theorized that tweet volume (monthly) reflects
incidences, relevance, and importance in the mentioned topic. We performed Pearson correlation
tests to identify interlinks between the topics as described in the results section.







In addition, we performed sentiment analysis to identify opinion trends and the general sentiment of
the two inseparable topics in Kenyan traffic: PSVs and policing. Sentiment analysis is the process
of extracting a writer's opinions and categorizing them into positive, negative, and neutral polarities.
There is substantial literature on sentiment analysis utilizing various machine learning algorithms
over social media data to forecast epidemics and outbreaks, among other things. The general
category for sentiment analysis is machine learning, and lexicon-based. The ML models have
demonstrated higher classification performance, but they come with the drawback of requiring a
large corpus of labeled data, which is typically limited and expensive to create. As a result, pre-
trained models that just require fine-tuning with a smaller dataset have become popular. One such
method is Bidirectional Encoder Representations from Transformers (BERT), among other pre-
trained language models. In this paper, we utilized twitter-roberta-bas_ sentiment pre-trained model
from [24]. The model is chosen as it’s trained on multilingual tw el as opposed to another text-
based lexicon. Models pretrained on multiple languages have been ~he wn to perform satisfactorily
in cross-lingual transfer tasks compared to other models [65]. .1 the current application, the data is
comprised of English, Swahili, and other local language A detailed explanation and other
performance-related metrics of the model in use can be fo.nu n (66], [67].

Topic modeling was used in conjunction with sentimer” an. 'vsis to create latent themes from the
Twitter data corpus. Topic modeling is a common’y *.s2d text-mining method in the field of NLP
for the discovery of structures (i.e., themes/top.cs, #om a large unstructured text collection by
analyzing the common words in the texts. T-.p1. mu 1eling is unsupervised, which means it does not
require any prior annotations or tagging o1 " cerials. We applied structural topic modeling (STM)
to explore topical content and prevalerce of t.: different documents. STM is an extension of the
correlated topic model thus befitting the ¢.rrent task which has correlated terms. In addition, STM
features high scalability, replicability ra' transparent analyses as cited by multiple authors [36],
[37]. A detailed explanation of the .. ~dc! m use can be found in [30].

4. Results
Figure 4 shows the cuai erly topical aggregation of tweets between the years 2015 and 2021. The
topics of interest, in th." case, are traffic, accident, insecurity, reckless, corruption, PSV, policing,
and infrastructure. Traffi- is shown with an asterisk (*) indicating the value is factored by half to fit
within the graph. From figure 4, traffic information and tweets decreased abruptly around 2020
April which corresponds to the time when the country initiated the travel restrictions due to the
COVID-19 pandemic. Pre-lockdown between 2019-2020, there was an average of 5,000 tweets per
month compared to 3,000 in the aftermath of the COVID-19 and travel restrictions. This may point
to the travel and economic disruptions that followed. As of 2021 July, the frend was yet to
normalize. The Table 5 below captures the descriptive statistics of the data aggregates for the period.

Table 5. Descriptive statistics of the monthly aggregates of the data

Traffic PSV  Police Acciden Infrastructur Reckles Robber Corruptio
t e S y n

mea 9904.0 3635. 2042. 2022.0 812.5 800.6 490.4 142.8
n 1 8







std 5864.0 1375. 9583 812.1 227.4 42272 197.0 69.5
3
min 2699.0 1798. 958.0 856.0 466.0 230.0 234.0 48.0
0
25% 64725 2615. 1202. 1533.0 662.3 507.0 327.5 90.3
8 8
50% 7948.0 3182. 1818. 1789.0 742.0 665.0 466.5 128.5
0 0
75% 9798.5 4414, 2450. 2563.5 1014.8 1002.5 586.0 180.0
8 8
max 22698.  6237. 4069. 3819.0 1331.0 1140 971.0 354.0
0 0 0 iy,
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Figure 4. Quarterly’ aggregate tweets of generated categories, reported between January 2015 and
July 2021.

4.1. Topical correlations

Table 6 shows the Pearson's Correlation Coefficient test with N = 76 (monthly data between Jan.
2015 and June 2021). The highest correlation is that of reckless to accident, which is positively

correlated, 1(76) =

.93, p<.001. The entire test reported a p-value less than the conventional

significance level with at least all tests at p<0.001. From the data, the mode of transport, in this case,
PSV is a critical issue in Kenyan traffic with r(76) = 0.92, 0.88, 0.84, and 0.80 correlation index
with policing, recklessness, accident, and robbery, respectively. In addition, corruption category is

! Quarterly data is plotted for visibility, but the analysis uses monthly data






principally positively correlated to PSV with r(76) = 0.68. Corruption and bribery affect the PSV
sector mainly and are similarly highly correlated with policing which are the recipients of bribes
with an index of r(76) = 0.70 as seen. From the above indices, we identified reckless driving, PSV,
accident, and traffic categories as critical issues that need further analysis/attention. Each of these is
addressed in the subsequent sections.

Table 6. Correlation of topics in the user-generated data

Traffic PSV Policing | Accident | Infrastructure | Reckless | Robbery | Corrupt
Traffic 1.000
PSv 0.745 | 1.000
Policing 0.822 0.920 | 1.000 ~‘—
Accident 0.859 0.840 | 0.874 | 1.000 oy |
Inffastructure | o eog 0.732 1 0.759 | 0.721 | 1.000 y §
Reckless 1 0.895 | 0.876 | 0.910 | 0.925 | 0.761 1.200
Robbery 10654 | 0.802 | 0810 [ 0695 |0.743 [ 0738 | 1.000
Corrupt 0.291%% | 0.684 | 0.696 | 0.437 | 0.526 | . 488 | 0.545 | 1.000

Note: ** 2 p =009
All other values have p <.001

4.1.1. Speeding and other reckless driving be hay or

From Table 6, accident, policing, traffic, »~.d PSV has r(76) = 0.93, 0.91, 0.90, and 0.88
correlation with recklessness, respectiv-ly. This s expected as reckless driving behavior impacts all
aspects of safe driving. The correlation w1~ policing would indicate an outery of tweets demanding
the arrest of offenders. In relation t¢ P 7, the drivers of these vehicles are well reported in the
literature to be notorious for reck’c.~ Lonavior putting the lives of passengers and pedestrians in
danger. In most cases, traffic ‘a1~ and snarl-ups agitate drivers to take reckless behavior like
overlapping, tailgating, and other “mdesirable acts. This is thus captured with high correlation index
of 1(76) = 0.90. The relat'on L -tween recklessness and accidents is much pronounced with the
highest correlation index o /vy = 0.93.

Twitter data attributed .~ aiiving behavior was isolated to analyze the relations with speeding data
available from NTSA -er orted in section 3.2. In addition to the reckless driving behavior explored
through topical categories, we generated a subset of data to focus on cases of speed camera warning
tweets. Figure 5 shows the normalized (min-max normalization) plot of reckless behavior data with
a highlighted region that represents the available NTSA speeding incidences for comparison. The
reckless and accident trends are visually confirmed to be correlated. As mentioned in the
introductory section, speed monitoring policies in the country adopt a predictable pattern, and
where random measures are employed, the general attitude of motorists is that of penalty avoidance
as opposed to compliance as witnessed in warnings. In the figure, the trend in warning tweets agrees
with the reckless behavior trend.
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Figure 5. Trends of reckless « *ving and impact it has on accidents

The figure shows a discernable declir’-< 1 >nd in violations between February 2016 until January
2018 followed by a sharp increase wuil March 2020. The decline period coincides with
collaborative efforts of the nationa. pi'ice service (NPS) and NTSA officers in safe road monitoring
activity as reported by NPS an< ou.>r media outlets [68]. The collaborative effort was recalled by
the president in January 2018 "lic-ving a public outery of worsening accidents [69], [70]. The data
accurately picks the transiticn as well as COVID-19-related travel restrictions between March and
July 2020 [71], [72]. Thr ag: ~ement of user-generated data and policing and country activities gives
validity to the acquisi.n 7 cess.

Further validation is d.~ ved by comparing NTSA speeding instances with overall reckless data as
shown in Figure 6. The figure shows an extract of reckless driving data that has been for the year
2016 and compared to normalized monthly average NTSA data from section 3.2. The trends agree
with the user-generated data within the duration.
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Figure 6. Normalized reckless beh. 7 ir and speeding instances as reported in 2016

4.1.3. Policing, corruption, and PSV 1r (ta correlates

From Table 6, policing is positive. v correlated with highly PSV, robbery, and corruption with r(76)
=0.92, 0.80, and 0.70, respectiv 'ly. similarly, PSV is positively correlated with accident with r(76)
= 0.84. From a traffic standpow.* tne PSV operators are always in a hurry to beat traffic jams and
make as many trips as pr-=iu.> This inevitably increases their aggressive driving behavior which
puts them in crosstir= with I w enforcers. To get a quick remedy, the PSV operators opt to bribe
their way out rather th. " 1ace the consequences. The issuing of bribes leads to further ruthless
disregard for traffic ru's-. Data relating to policing, corruption, and PSV is isolated and plotted in
Figure 7 for further analysis. From the figure, corruption, which impedes proper policing, reported
an all-time high in the final quarter of 2018.

In the figure, PSV, accident, and policing data are reacting to NTSA - NPS collaborative efforts as
well as the Covid-19-related travel restriction as identified earlier. The two windows are highlighted
in color for ease of tracking. Immediately after the end of the joint efforts (February 2018), an
ncrement of all indices is noted with a peak towards the last quarter of 2018. This is attributed to
high traveling routines for the end-year festivities. This is usually the busiest season for PSV
operators. Why this peak was not present in other years is unexplainable from this data. Around the
festive season, there were major road accidents involving PSVs that saw national and international
outcry of the carnage [73].
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Figure 7. Effects of po.i~ing and events on PSV data.

4.1.3. Traffic flow and infrastructr== « ** | correlates

From Table 6, infrastructure is 10s.“vely correlated to PSVs and accident and traffic with r(76) =
0.73, 0.72, and 0.69, respectiv.ly. “igure 8 below captures the trends of data to highlight the effects
of infrastructural activities ..» the target period. There is a direct relation between traffic flow and
accidents on the quality ot 1. ¢ roads and the data captures the effects as shown. Infrastructure and
traffic data do not foli. w >~ NTSA-NPS joint policing trend identified earlier. However, there is an
abrupt improvement in n id-2016 for both parameters. This is aftributed to the commissioning of
newly constructed by-pass roads which decongested the city considerably [74], [75]. The effect on

road commissioning eased traffic congestion considerably.

Besides the improvement, several other peaks are highlighted in colored patches that we labeled as
El Nino floods, Long and short rains, and construction work. From multiple sources, Kenya
experienced El Nino rains and flooding between 2015-2016 [76], [77]. Normally, the country has
two rainy seasons: long rains (April-June) and short rains (October-November) [78]. The rains
cause deaths, displacements, floods, and landslides in many parts of East-African countries. The
first peak in the data is thought to coincide with the rains in mid-2015. The peaks in 2018 are noted
to align perfectly with long and short rains.

Towards the end of 2019, another peak was registered. This is identified as the commencement of
Nairobi Expressway construction work. The construction work started mid-2019 but the major






disruptions peaked around December 2019 [79], [80]. The project is set to end by 2023 but the
effects were mitigated by travel restrictions which are seen as a reduction in infrastructure-related
tweets by March 2020.
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4.2. Topical and sentiwent analysis using NLP models
4.2.1 Sentiment analysis

From the previous discourse, traftic flow, PSV, and policing can summarily capture the issues
affecting the transport industry in the country. This section looks at the sentiment analysis of these
three topics. Figure 9 below gives a summarized sentiment analysis of 3 selected categories, i.e.,
PSV, policing, and traffic. The pie charts show the distribution of normalized sentiments for
policing, PSV, and traffic. Neutral sentiments are more than polarized tweets, as computed by the
BERT model. This was thought to be the result of the difficulty in decoding the mixed usage of
language (English, Swahili, Sheng, and local languages) found in the corpus. In this case, we focus
on the polarized tweets to identify trends and user-based approvals between 2015-2021. The graph
on trends is derived from an average of sentiments quarterly.
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Figure 9. Sentiment a.-tribution and trends of selected categories

From the Figure, traffic elicits the hig aes. fluctuation in positive and negative sentiments. The year
2015 had the highest negative sep’.~ei.*. with a drastic improvement in the first quarter of 2016.
The positive sentiment was idert..“ed 1n section 4.1 as the commissioning of roads which greatly
eased traffic. As expected, PSV and policing sentiments are closely related (Figure 9), a relation
that has been highlighted in the | “evious section.

From this data, the NTsA-.TPS collaborative efforts are also captured as a steady decrease in
negativity between z.'0-Zul8 and a corresponding rise thereafter. The other noticeable dip
(improvement) in the first quarter of 2020 is related to the travel restrictions imposed by the
government to curb the spread of COVID-19 in the country. The sentiment similarly confirms the
trends discussed in the previous section.

4.2.2. Topic model

We performed topic modeling using STM with 15 topics as described in the methodology. One of
the aims of topic modeling was to validate the general categorization considered in the research, as
such, we opted for a higher number of topics that characterizes the corpus as opposed to optimizing
the number of topics.

Table 7 shows the top 10 words for each of the topics from the model. Besides the top appearing
words, we display FREX (Frequency and Exclusivity) metric which shows frequent and exclusive






words (unique) with relation to other topics. Lift and score represent term probability and the terms’
logarithmic probability, respectively, within a topic across the entire corpus. Further, topic
proportions (in percentage) are shown as a description of the topic prevalence over the entire dataset.
The last column infers the topical implications for the clusters (topics) generated by the
unsupervised learning model.

Table 7. The topic model generated by STM

Topic Top 10 Words per category Topic Interpretation
proportions
(%) )
1 Highest Prob: move, slow, bout, slowli, 6.2 - Moving traffic
hill, smooth, approach, place, usual, ‘
snail

FREX: move, slow, slowli, snail, eka,
chaka, pace, colt, hill, lion

Lift: chaka, lion, move, albeit, colt, eka,
pace, procession, slow, slowli

Score: move, chaka, slow, slowli, hill,
colt, smooth, eka, snail, pace

2 Highest Prob: heavi, start, happen, I 5.7 Heavy traffic (circumstantial
today, flow, well, still, light, much sna'. traffic, eg. rains, ceremony)
FREX: rain, start, heavi, begin,
movement, nightmar, today, flc v,
monday, graduat o N
Lift: abnorm, ceremoni, abou’ b 2gin,
kmtc, messi, unbeliev, do vnpour, freeli,
how

Score: heavi, start, flu v, 1.appen, today,
well, snarl, light, rai. st

3 Highest Prob:  iear, inbound, side, 5.99 Clear traffic
good, morn, u.ive, ‘uok, safe, wrong,
gathi

FREX: morn, clear, stay, lang, flood,
side, thank, estat, god, far

Lift: beauti, bless, crystal, bell,
bottleneck, clear, estat, flood,
motorcad, okay

Score: clear, inbound, side, good, morn,
look, safe, wrong, thank, drive

4 Highest Prob: high, use, servic, 5.38 Traffic (Route suggestion
outbound, back, bad, past, total, pack,
expect

FREX: pack, total, altern, servic, high,
expect, super, earli, pole, imeanza







Lift: altern, kuruka, pack, feeder, sail,
allov, total, pole, safaripark, imeanza

Score: high, use, outbound, servic,
kuruka, pack, back, super, bad, gridlock

n

Highest Prob: bumper, citi, around,
gaen, hapa, situat, till, current, centr,
mpaka

FREX: bumper, citi, gaen, situat,
current, centr, lower, nakumatatut,
imeshikana, ridg

Lift: ast, canadian, doonholm, dunga,
easter, khoja, kuanzia, librari, shop,
thindigua

Score: bumper, citi, gaen, around,
hapa, situat, imeshikana, centr, mpaka,
current

Highest Prob: lot, kwa, leo, watu,
kama, hapo, street, hakuna, gari, spot

FREX: lot, kwa, leo, watu, kama,
hakuna, gari, sana, ama, kwani |

Lift: acha, alafu, apa, baridi, brea! ast |
bro, chini, devil, eti, haki

Score: lot, kwa, leo, watu, kam. gari,
hapo, hakuna, street, sana

3.53

Location based traffic
situation

Commute issues (no means
of transport)

Highest Prob: matatu, drive.jﬁ; fatus,
bus, boda, sacco, passens. bu.=, drive,
psv

FREX: matatus, boac sa.co, passeng,
buse, psv, reckless, . na. careless, psvs

Lift: nazigi, san ¢, m ‘tatus,
arrestimatatu. bwe., buss, careless,
conductor, crew. axcess

Score: matatu, informatatuion, sacco,
matatus, bus, driver, boda, passeng,
buse, reckless

7.96

PSV(Matatu, buses,
boadaboda, saccos)

Highest Prob: traffic, jam, moment,
head, caus, along, crazi, standstil, build,
gathi

FREX: moment, traffic, jam, standstil,
crazi, eas, rnd, moder, head, updat
Lift: standstil, moment, rnd, trafficjam,
traffic, moder, jam, cleareeee, traffick,
eas

Score: moment, traffic, jam, standstil,

Traffic jams (gridlocks)







caus, admin, head, crazi, build, moder

10

Highest Prob: cop, speed, take, offic,
day, ntsa, know, stop, kind, law

FREX: cop, ntsa, bribe, general,
corrupt, speed, fine, limit, court, collect

Lift: expir, map, random, cop, african,
airtim, bail, command, court, fine

Score: general, cop, ntsa, offic, speed,
bribe, take, law, day, know

Highest Prob: accid, caus, near, involy,
along, car, lorri, overturn, dead, hit

FREX: accid, involv, overturn, dead,
knock, trailer, lorri, injur, fatal, crash

Lift: accid, deadlock, overturn, perish,
canter, casualti, dead, deadlin, fatal,
injur

Score: accid, involv, dead, overturn,
knock, injur, fatal, grisli, crash, car

7.64

Policing (cops. ntsa,
corruption)

Accidents (causes, nature,
| Atalities, etc)

11

Highest Prob: polic, vehicl, along,
block, near, motorist, fire, help, arre<*
truck

FREX: fire, thug, protest, rob, menf
post, student, emerg, team, dei.>onstr

Lift: battl, brigad, burn, cctv . lice o,
mug, post, aid, alleg, arm

Score: polic, arrest, fire, - ‘oc;vehicl,
motorist, brigad, thug, ' ear, help

7.2

Robbery(police, arrest, thugs
etc.)

12

Highest Prob: need, .. ~oL., time, pleas,
make, construct, bu. ~o. right, see, think

FREX: constru :t, p: oblem, pothol,
bump, poor, c. "l tor, mark, remov,
infrastructur, cyc

Lift: drain, futur, proper, rubbl,
tarmack, vulner, arriveal, bigger, bump,
consider

Score: construct, need, bump, time,
peopl, problem, pedestrian, make,
pothol, pleas

10.77

Infrastructure (Construction
works )

13

Highest Prob: park, busi, turn, pay,
free, counti, becom, govern, fuel, outsid
FREX: park, busi, pay, free, counti,
becom, whole, space, fee, green

Lift: decongest, issa, kanjo, occupi,
paid, payment, rate, reserv, slot, park

3.2

Infrastructure (parking
zones, streets, etc.)







Score: park, busi, turn, pay, counti,
free, fee, govern, becom, charg

14 Highest Prob: car, one, get, like, hour, 6.57 Reckless driving

guy, overlap, mad, stuck, home (overlapping, madness, etc.)
FREX: mad, overlap, get, top, power,
overlapp, beat, end, got, meet

Lift: batteri, exid, half, hungri, sat, sick,
steer, wheel, android, beat

Score: car, overlap, powerlast, get, one,
hour, like, mad, guy, stuck

15 Highest Prob: even, work, come, mess, 34 | Jnurious”
pass, thing, someth, yet, seem, coz \

FREX: come, better, thing, wonder, |

sure, work, even, coz, entri, noth
Lift: confus, wangari, come, entri,
former, matatuhai, prof, asleep,
maathai, better

Score: work, even, come, matatuhai,
pass, mess, someth, thing, yet, better

Topical interpretation is based on top keywora. “as usted in High-prob, FREX, Lift and Score.
From the Table 7, the model identified 6 v riaf ons of traffic flow. The variations are interpreted as
follows; clear traffic (topic 3), moving trafl,. (topic 1), heavy traffic (topic 2), gridlocked traftic
jams (topic 8), route suggestion (fopic 4), and location-based traffic updates (topic 5). Taken
together, this places traffic as the most . »valent issue accounting for 40% of the overall data.

From the model, police-related act.v.*v .., captured in two topics, topics 9 and 11. Topic 9 captures
traffic-related policing from pol zc ~nd NTSA officers. It also features corruption and bribes. Topic
11 can be taken as a treatmen* ox “oad-related crimes including mugging, robberies, protests among
others. This is generally int~rpre d as a robbery topic in keeping with the topical convention under
study. Taken together, pciic g yields a prevalence of 14.8%.

Infrastructure is captun. 1 w topics 12 and 13. Topic 12 isolated issues touching on construction
time, potholes, repairs rontractors, etc. Topic 13 identified the issue of parking spaces, county
government regulation on parking fees, zones, etc., which is taken as a subset of infrastructural
management. These two topics vield a prevalence of 13.9 %.

Topic 7 is interpreted as PSVs due to the high probability of terms/keywords like Matatu, Boda-
boda, SACCOs, and other PSV related terms. Further, topic 6 captured commuter issues, though
largely in Swahili, captured terms like “leo” (today), “watu” (people), “hakuna” (there are no),
“gari” (vehicles/means of traveling). This describes the woes of public commute mostly in rush-
hours, with crowded passenger picking points, which can be taken as a subset issue in PSV. Taken
together, these would yield a prevalence of 13.3%.

? This is further interpreted as aftermath of construction work after analysis of STM correlation network






Accidents are captured in topic 10 comprising of injuries and fatalities with a prevalence of 7.4%.
Reckless driving behavior is captured in topic 14 at 6.6% prevalence with keywords like
overlapping, mad driving among others.

From the model, traffic (with variations), infrastructure, policing (including corruption and bribes),
PSVs, reckless driving behavior, robberies, and accidents, were identified using STM in agreement
with this research’s topical categorization. The model with 15 topics had 1 spurious topic which
was expected. Unclear/spurious topics have been explained to be inevitable as a cause and the effect
of increased topic numbers [34].

Figure 10 shows the topic correlation as identified by the STM moczl. In this case, each topic is a
node while the connections highlight the co-occurrence of terms witl, igh probability. The size of
the node indicates the prevalence. From this, the term correlatic 1 10 ntifies accidents (topic 10)
uniquely compared to other terms that are highly correlated. T*~ « ;cs can be broadly separated
into the related cluster of topics. Traffic-related clusters topic. 1, ., 3, 4, 5, 6, and 8, while other
transport issues are clustered as shown in topics 7, 9, 11, 12, .2, and 14 as seen by the network.

From the network, topic 15, which was identified as spui. ~us a Table 7, is correlated with topics 5,
12, and 13, which has to do with location-based traffi = flo.  and construction work. This would
suggest that topic 15 is addressing the afterma h o” construction works and the mess. The
correlation in topics has been discussed in the pre 7iou. section and confirmed by the model output.
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Fig. 10. Network of topic correlation






5. Discussion and Recommendation

The paper takes a deep look at traffic culture, practices, and implementation of policies related to
road transport in Kenya. As pointed out by various authors, missing and incomplete data is a
challenge that affects road networks as well as disaster relief planning [14], [62], [81], [82]. In the
country, the practices, and policies (enforcement of policing) are explored through user-generated
data to identify interlinks and trends. The paper grouped the issues that affected the country into
eight topics (traffic flow, PSV, policing, accident, infrastructure, recklessness, robbery, and
corruption) and investigated the trends, opinions, and latent expectations of the traffic users.

5.1. PSVs, driving behavior and policing practices from user-gene.. ted data

From speeding data incidences derived from NTSA, only 30 of tL.> ex sting 47 counties generated
reports in 2016. It is unclear whether the remaining 17 countie = ha.' speed tracking cameras or not.
It is also unclear why speeding incident reports stopped aft=¢ »2'%. The data derived from NTSA
was used to validate the trends of user-generated data. Th'. -va. done by extracting reckless driving
data for the same period and comparing the two. The re.1lts Figure 6) showed a good agreement
between the two datasets. Further, overall improvemr.at 1. traffic-related incidences was noted
between 2016-2017, the period which is identitied s ~.c'laborative etforts between NTSA and NPS
in the country.

From user-generated data, accident, polici. o, * affic, and PSV are positively correlated with an R-
value 1(76) = 0.93, 0.91, 0.90, and 0.88, to 1. ~klessness with p < 0.001 in all cases, respectively.
The interpretation would be that reckle sness increases chances of accident occurrence, highly
agitates the users who invoke the an st of the criminal activity, leads to worsening traffic
conditions and this behavior is high'v 0" ss rvable in PSV operators. Further, Table 6 portrays a gray
picture as far as PSVs are concer. =d w.th a positive correlation with all the study topics. PSVs are
correlated with policing, reck. ssne.s, accidents, infrastructure, tratfic congestion, robbery, and
corruption with indices of 0.95, 0.55, 0.82, 0.81, 0.80, 0.75, and 0.57, respectively. This underpins
the unregulated nature of the (»7ustry coupled with poor policing practices. PSVs driving behavior
has been pointed out as | elov par concerning safety [3], [18], [19], [34]. The results obtained in the
study put PSVs in the -emer stage of the traffic menace in the country ranging from accidents,
traffic congestion, reck'es s driving, robbery as well as corruption.

The police force is spread-thin trying to maintain law and order within the country as well as on the
roads with motorists that are apprehensive of policing efforts. The user-generated data captured
some attitude of the public with a bias towards penalty-avoidance as opposed to compliance as seen
in warning tweets. From Figure 5, it’s a typical occurrence for motorists to warn others, using
gestures and/or phones, of forthcoming roadblocks and speed traps and thereby adjust accordingly.,
which at best elicits zoned compliance with the regulations. On the other hand, the police force has
been implicated negatively in the involvement and soliciting bribes and other corrupt practices. The
data indicates a positive correlation between policing and corruption with an all-time high around
the last quarter of 2018 (Figure 7).

In summary, policing needs urgent reinforcement and adaptation to solve the traffic menace
experienced in the country. From the data, the NTSA- NPS collaborative efforts yielded a positive






and significant change in the country., contrary to popular belief at the time that led to the
disbandment of the efforts. Figures 5 and 7 confirm that aggregates of recklessness and corruption
were at their lowest. To reduce abuse of power through unjust arrests and harassment, modern
monitoring methodologies that are pervasive and repeatable should be introduced to assist the
police force to perform their duties. Borrowing from literature and practices in other countries, the
mode of policing using predetermined checkpoints and roadblocks is ineffective in tracking
speedsters and other reckless driving behavior [12], [13].

5.2. Traffic flow, accidents, and infrastructure in the country

The user-generated data exposed the relations of traffic flow and in...-tru sture in the country. From
the data, infrastructure is positively correlated to accident and tra.*ic v/ith r(76) = 0.72, and 0.69,
respectively. Intuitively, a traffic accident is either caused by (ro.d) infrastructural deficiency or
will lead to infrastructural damages in its wake. In practi-e, .. greater majority would opt to
resolve non-fatal accidents without involving the police w'..oh ~creases non-reported cases of RTA.
Under normal circumstances, infrastructure is never cowide ed. This affects public property and
infrastructure as reported in the literature [19], [85]. I zstru-tion and abuse of road resources by
motorists is worth considering. The abuse of road “ac d“ies takes various forms like overlapping in
footpaths/pavements as well as vehicle conflict v th v..riers and rail guards upon accident impact.

Traffic congestion is highly correlated v “th accidents. Congestion increases the tendencies of
recklessness and aggravation, which leads to more accidents and further congestion. In cases of
reckless behavior and an accident ensued traffic jams are bound to be more aggravated. As such,
urgent methods need to be put in place 1. andress the problem. There is severe resource wastage in
the traffic congestion alone with e~*m. t¢5 of up to K.Sh. 20 billion (182 million USD) annually.
The number of lives lost is simil tly unacceptable with estimates of 3000-4000 annual fatalities
which multiple sources identify . < an underestimation with a factor of 3.5 — 4.5 [5], [86], [87].

There are instances of roL.lerics even in an accident. From the data, accidents are positively
correlated with robbery win ndices of 0.63. The appalling behavior is often reported in news
outlets [88], [89]. The ve.! ~.ishers, who reach the accident scene first offer immediate assistance to
the motorist involved in & 1 accident but in some instances, the valuable (phones and other items) of
the victims go missing. Again, the presence of police and other authorities is usually solicited by
users to assist in the developing situation.

The recent trends in traffic congestion have spurred the need for use of alternative modes of
commute. In this regard, walking and cycling have been on the increase owing to the flexibility of
the method. The new concern is on pedestrian and cyclist safety. Topic modeling identified the
safety of the vulnerable road users as a relevant study topic, though not explicitly dealt with in the
main discourse. The drive for infrastructure that supports inclusive transport is gaining popularity in
Twitter traffic debates.

The user-generated data identified several significant events and practices that have altered traffic
flow in the country. Infrastructural development of roads had the highest net effect as seen in the
commissioning of the bypass road and commencement of construction of the Nairobi expressway.






Intuitively, the closure of certain routes would inevitably increase traffic congestion, particularly in
such places where there are no alternative routes. Seasonal rains are also a major cause of disruption
in transport in the country as seen in sharp peaks of traffic and infrastructure aggregate tweets in
Figure 8. As the country develops its road network, there should be deliberate efforts to make the
roads impervious to floods and other weather fluctuations.

5.3. Policies and practices that shaped transportation in the country

From topic modeling, the topics identified by unsupervised ML agreed with the broader
categorization of issues affecting the transport industry in the country. Thus, the topical
categorization utilized by this inquiry is a fair representation of the ‘atent discussions found in the
user-generated dataset. The model indicated traffic and traffic-relateu ~pics as a key discourse by
the public with a prevalence level of 35%. PSV, with all passeng' r ar. 1 pedestrians-related issues,
was second in prevalence at 18%, infrastructure at 15%, policin7 ~t "%, and accident at 7% of the
investigated data. From the topic modeling, we performed seni mer : analysis of three topics: PSV,
policing, and traffic flow. Sentiment analysis agreed with eve ~ts and trends identified in the topical
aggregation.

The current inquiry has identified the multifaceted natur- of 1. ad transport and traffic in the country.
The study uncovered several relations that have not beor identified earlier in literature coming from
unstructured user-generated data. Recklessness acc.lents, and PSV interplay in the data were
established. Police efforts and impeding co .,up acwvities were also evident. Similarly, traffic flow
and infrastructure interlink were pointed o.*. Taking the stand that PSV captures all commute-
related issues, traffic flow embodies all frastructural activity, policing handles all criminal activity,
traffic flow control, and traffic offens>s; traffic, PSV, and policing thereby becomes a
summarization of issues affecting the 1 as.ort industry in the country.

The following are the events, poi.~ies, and practices that have shaped the transport industry in the
last 5 years.

1. NTSA — NPS collat,>rats ve road monitoring efforts (policing)
ii.  Floods and heav s ray fall (traftfic tlow)
iii.  Festive season. (FZ7v)
iv.  Opening (commis sioning) of bypass roads (tratfic flow)
v.  Construction of Nairobi Expressway (traffic flow)
vi.  COVID-19 (traffic flow, policies)

Note that the practices and events agree with the triad of summary identified and collaborate with
other reports from various sources as found in the discussion. The ramifications of the findings are
important concerning concerted efforts of solution refinement. Policing as a topic touch on all
aspects of road transport ranging trom the safety and rights of the citizens. Condoning and or
improper monitoring of unsafe driving, insecurity, and corruption interfere or impede with policing
process, denying the citizens of their rights to safety and fair treatment and in most cases leads to
lost livelihood through accidents and other injustices. As such, the need for proper policing can
never be over-emphasized. Traffic flow, with links to infrastructure and accidents occurrence, will
continue bottlenecking the development of the nation if left solely in the hands of law enforcers.






Finding a solution that enhances the triad of issues should be embraced by every citizen as an
existential problem and treated as such.

5.4. Recommendations

The inquiry has identified three topics of pertinent importance in Kenyan roads: PSVs, policing, and
traffic flow. The current policies and interventions are outdated as they focus on the individualistic
responsibility of road safety [90]. An alternative would be a system-wide integrated intervention,
with a clear-cut fault-finding mechanism and speedy delivery of feedback to failure. From this, the
research recommends an integrated driver monitoring targeting mass transport vehicles using state-
of-the-art driver-monitoring systems. The use of a monitoring <ystem has been proposed in
numerous intelligent transportation systems around the globe [91], [S.] In addition, the success of
such is attested to by user-based insurance systems that have dmo. strated the effectiveness of
comprehensive tracking in saving lives and lowering the cost of ~;=1.“.1g motor vehicles [93], [94].

Principally, the PSV industry is unregulated, besides the I :en....g, and as such, Matatu owners
operate with indignity towards the passengers. Additional’,, n¢ice misconduct in form of bribes is
highest in the group. Also, this study and other research . onf rmed the tendency and prevalence of
reckless driving in PSVs. The focus on PSV drivers (s goided by the fact public transit is a
communal responsibility, which demands stricter re2lations and oversight which conforms to
international standards [95]. The recommendatin1 w.uld streamline monitoring and regulation of
misconduct and reporting process. This woule incease transparency in fault-finding as well as
improve the desperate state of accident-relaw. ” data collection in the country.

At the moment, PSVs are required by law to be fitted with (digital) speed governors. Therefore, the
inclusion of speed tracking and drive Ir _oing system would integrate with the existing and future
hardware in the vehicle. We believ~ th: * 1ae mode of transport and policing would greatly improve
from such a system-wide integrat: n o1 .nonitoring using modern technologies.

6. Conclusion

The paper took a deep loown af traffic culture, practices, and policies in place concerning road
transport in Kenya. The man objective was to identify the interlinks between traffic practices and
policies using user-gen. ~awu data to derive an overview of traffic conditions in the country. Twitter
and transport agency de a was mined to extract data for the analysis. A corpus of text with
approximately 1,000,000 tweets was treated in the study, gathered from Ma3Route and other
sources between 2015 January and 2021 July. The data were categorized into distinct topics by
searching specific phrases related to the identified issues affecting road transport, i.e., traffic flow,
PSV, policing, accident, infrastructure, recklessness, robbery, and corruption. Tweet aggregation
and natural language processing methodologies; topic modeling and sentiment analysis, were
performed to analyze the data.

From STM, topical categorization utilized by this inquiry was found to be a fair representation of
the latent discussions found in the user-generated data. STM meodel indicated traffic flow and
traffic-related topics to have a prevalence of 35%. PSV, with all passenger and pedestrians related
issues, had a prevalence of 18%, infrastructure 15%, policing 14% and accident 7% of the
investigated data.






In the data, policing and PSVs were found to be correlated with all target study topics. Policing,
which touches on all police and law-enforcement-related activity was found to be highly correlated
with PSVs, recklessness, accidents, traffic congestion, robbery, infrastructure, and corruption with
indices of 0.92, 0. 91, 0.87, 0.82, 0.81, 0.76, and 0.70, respectively. PSV was positively correlated
to policing, recklessness, accidents, robbery, traffic flow, infrastructure, and corruption with
indices of 0.92, 0.88, 0.84, 0.80, 0.75, 0.73, and 0.68, respectively. The research identified PSV,
policing, and traffic flow as a triad that accurately summarizes the issues affecting the transport
industry in the country and that need urgent attention.

The results of the user-generated, unstructured data suggested 6 interpretable policy interventions
and practices that have shaped the transport industry in the last 5 =ars. These are NTSA - NPS
collaborative road monitoring efforts, floods and heavy rainfalls ~n «flux in transport during
festive seasons, commissioning bypass roads, construction of Naiiobi « xpressway, and COVID-19
travel restrictions. Further, the practices and events agree win e triad of summary identified.
These findings are important in relation to concerted efforts n .~.don refinement. The agreement
of this user-generated data with policies and practices is » ~ow ntial feat that would greatly benefit
traffic-related research, particularly African-based studie. thai suffer from data inadequacy.

We recommend an integrated driver-monitoring svi*=m to ease supplement policing efforts and
bring transparency in motorist traffic-related fault-i'r.dir g. Such a system would integrate properly
with the existing technology of speed-gov~mc.< and further yield traffic-related data that is
nefficiently collected at present.
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Highlights

The study mined data from accident statistics/reports from natic aal transport and safety agency
and user-generated data from Twitter between 2015 — 2021 to in.« "tigate policies and traffic-
related practices that informs traffic conditions in the country.

Kenya’s road traffic condition is worsening as seen by fat2l,r ~.ad injuries (26% and 46.5%
increase respectively) since the year 2015 with minima. rese rch directed towards the
challenge.

From the data, traffic flow, policing activities, anc. pu-lic service vehicles (PSV) were
found to be highly correlated and pertinent issues 1. ~ .mmediate reformative actions

The study recommends an intelligent, integr-:~d PSV management system that links
drivers, passengers, and law-enforcement o, e.at ons for a safe and efficient commute.






