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Application Of Multinomial Logistic Regression On Physical Violence In The Youth In Makurdi – Nigeria
	
ABSTRACT
Youth physical violence remains a major public health and social problem, particularly in developing countries such as Nigeria. This study examined the demographic, family, psychological, and economic factors associated with youth physical violence in Makurdi Metropolis using a Multinomial Logistic Regression (MLR) approach. Data were obtained through a structured questionnaire administered to youths aged 15–35 years, with responses collected via Google Forms using a random sampling technique. Youth physical violence was measured as a categorical outcome based on the frequency of physical fights, classified into multiple non-ordinal categories. Descriptive statistics were employed to summarize respondents’ characteristics after which multinomial logistic regression analysis was applied using R statistical software.
The findings revealed that age and sex were significant demographic predictors of youth violence, with youths aged 21–30 years and males having a higher likelihood of engaging in violent behavior. Family support was found to be a significant protective factor, as youths with strong family support were less likely to engage in physical violence. Psychological factors showed mixed effects, with levels of stress and anxiety demonstrating significant associations with youth violence. Economic factors, particularly employment status, were also significant, as unemployed youths were more likely to engage in violent behavior compared to their employed counterparts, while tertiary education showed no significant effect. Model diagnostics confirmed good model fit, absence of multicollinearity and satisfaction of key regression assumptions.
The study concludes that youth physical violence in Makurdi is influenced by a complex interaction of demographic, family, psychological, and economic factors. It recommends targeted interventions focusing on employment creation, family-based support systems, and youth-centered social programs to reduce violent behavior. The use of multinomial logistic regression provides a robust analytical framework for understanding the multifaceted nature of youth physical violence and offers valuable insights for policymakers and stakeholders.
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1.0	INTRODUCTION
Youth physical violence has become a pervasive and complex challenge globally with severe consequences on individuals, communities, and society as a whole (World Health Organization, 2019). The World Health Organization defines youth as individuals between the ages of 10 and 29, and physical violence among this demographic is a significant public health concern.  According to the WHO, approximately 1.4 million young people aged 10-29 die annually due to interpersonal violence, accounting for 43% of all deaths in this age group (WHO, 2019).
Youth physical violence refers to the intentional use of physical force or power to harm or threaten harm to oneself or others among individuals aged 10-29 years. This type of violence can manifest in various forms, including interpersonal, self-directed, and collective violence (Centers for Disease Control and Prevention, 2020).
According to the World Health Organization (2019), youth physical violence includes physical fights, assaults, or attacks between individuals, such as bullying, dating violence, or gang violence. Additionally, self-directed violence, including self-inflicted injuries or suicidal attempts, also falls under this category (National Institute of Justice, 2019). In Nigeria, the prevalence of youth physical violence is alarming. The National Bureau of Statistics reported that in 2018, 30% of youths aged 15-24 were involved in physical fights, while 25% were victims of bullying (National Bureau of Statistics, 2018). This trend is not limited to Nigeria; it is a global phenomenon that affects both developed and developing countries (Lee et al. (2021). 
Researchers have extensively explored the complex array of factors that contribute to youth physical violence, and their findings have shed light on the interconnected nature of these influences. A comprehensive understanding of these factors is essential for developing effective prevention and intervention strategies.
Demographic characteristics, such as age, gender, socioeconomic status, and ethnicity, play a significant role in shaping an individual's propensity for physical violence. For instance, studies have shown that males are more likely to engage in physical violence than females, while adolescents from lower socioeconomic backgrounds are at a higher risk of involvement in violent behavior. (Bushman et al., 2006).
Family dynamics also exert a profound impact on youth physical violence. Parental education, family structure, and parent-child relationship quality are critical factors in this context. Youths from single-parent households or those with a history of family conflict are more likely to engage in violent behavior. Conversely, a supportive and nurturing family environment can mitigate the risk of physical violence. (Loeber et al., 2003).
Peer influence is another significant factor contributing to youth physical violence. Association with deviant peers, social rejection, and peer pressure can all contribute to an individual's involvement in violent behavior. Youths who associate with peers who engage in violent behavior are more likely to adopt similar behaviors. (Dishion and Stormshak, 2007).
Understanding the interplay between these factors is crucial for developing effective prevention and intervention strategies. By addressing demographic, family, peer, and environmental factors, policymakers and practitioners can create comprehensive programs that target the root causes of youth physical violence.
 Traditional logistic regression models have limitations when dealing with multiple categories of violence. Multinomial Logistic Regression (MLR) models offer a suitable alternative, enabling researchers to examine the relationships between predictor variables and multiple categories of violence. (Hosmer and Lemeshow, 2000).
Logistic regression analysis (LR) studies the association between a categorical dependent variable and a set of independent (explanatory) variables. Explanatory variables may be continuous, discrete, dichotomous, or a mix. The name logistic regression (LR) is often used when the dependent variable has only two values. The name multiple logistic regression (MLR) is usually reserved for the case when the dependent variable has three or more unique values. Multiple logistic regression is sometimes called multinomial, polytomous, polychotomous, or nominal logistic regression. Although the data structure is different from that of multiple regression, the practical use of the procedure is similar. Logistic regression is more flexible than the other techniques. Unlike discriminant function analysis, logistic regression has no assumptions about the distributions of the predictor variables. In logistic regression, the predictors do not have to be normally distributed, linearly related, or of equal variance within each group.
Youth physical violence poses a significant threat to the well-being and safety of young individuals, communities, and society as a whole, with alarming rates of physical fights, bullying, and violence-related injuries and deaths reported globally, including Nigeria.
Despite existing research on the factors contributing to youth physical violence, there remains a critical knowledge gap in understanding the complex relationships between demographic, family, mental health and economic factors and the various types of physical violence engaged in by youths.
Traditional logistic regression models employed in previous studies have limitations in analyzing multiple categories of violence, thereby restricting the comprehensiveness of the findings.
The absence of a nuanced understanding of the factors contributing to youth physical violence hinders the development of effective prevention and intervention strategies, ultimately perpetuating the cycle of violence. Furthermore, the lack of empirical studies utilizing Multinomial Logistic Regression (MLR) analysis to examine the factors associated with youth physical violence in Makurdi necessitates an investigation into this critical issue.
The multinomial logistic regression model is based on the logistic distribution, which a continuous probability distribution is used to model binary outcomes. In the context of multinomial logistic regression, the logistic distribution is used to model the probability of each category of the dependent variable.
The multinomial logistic regression model has several advantages, including its ability to handle categorical dependent variables with more than two categories, and its ability to provide estimates of the probability of each category of the dependent variable. However, the model also has several limitations, including its sensitivity to the Independence of Irrelevant Alternatives assumption, and its requirement for large sample sizes.
In the context of the study on youth physical violence in Nigeria, the multinomial logistic regression model can be used to model the relationship between the categorical dependent variable (youth physical violence) and the independent variables (demographic and socio-economic factors). The model can provide estimates of the probability of each category of youth physical violence, and can help identify the factors that are associated with an increased risk of youth physical violence.
Several people have invented theory on topic of the study, they are:
Muro and Jeffrey 2008 Social Learning Theory (SLT). Social learning theory is increasingly cited as an essential component of sustainable natural resource management and the promotion of desirable behavioural change. This theory is based on the idea that we learn from our interactions with others in a social context. Separately, by observing the behaviors of others, people develop similar behaviors. After observing the behavior of others, people assimilate and imitate that behavior, especially if their observational experiences are positive ones or include rewards related to the observed behavior.
In the context of youth physical violence, SLT suggests that young people may learn violent behaviors by observing others, such as family members, peers, or media figures. The multinomial logistic regression model can help identify the specific factors that contribute to the observation and imitation of violent behaviors.
Furthermore, SLT emphasizes the role of cognitive processes, such as attention, memory, and motivation, in learning new behaviors. In the context of youth physical violence, this means that young people's cognitive processes, such as their ability to regulate their emotions and impulses, may influence their likelihood of engaging in violent behaviors. The multinomial logistic regression model can help identify the specific cognitive processes that contribute to youth physical violence.
Additionally, SLT highlights the importance of environmental factors, such as family, peers, and community, in shaping behavior. In the context of youth physical violence, this means that environmental factors, such as exposure to violence, poverty, and social inequality, may contribute to the likelihood of young people engaging in violent behaviors. The multinomial logistic regression model can help identify the specific environmental factors that contribute to youth physical violence.
Also, Agnew, (2002) General Strain Theory indicates a positive relationship between strain and delinquency. Individuals exposed to various types of strain (i.e., parental abuse, victimization, discrimination, peer abuse) are more likely to engage in delinquent behaviors. Regarding the mediating effect of negative emotions, especially anger, between strain and delinquency, several studies were supportive of GST (Agnew et al., 2002; Mazerolle and Maahs, 2000; Mazerolle and Piquero, 1997, 1998). The studies found that strain predicted anger, which in turn influenced deviant behaviors. Agnew (2001, 2006a, 2006b) further elaborates on characteristics of strain most likely leading to delinquency. He argues that strain, when perceived as unjust, high in magnitude (i.e., duration, recency, and centrality), associated with low social control, or creating incentives for criminal coping, is more likely to be related to delinquent behaviors. Furthermore, he identifies specific types of strain (parental rejection, child abuse, negative relationships with parents, homelessness, criminal victimization, bullying, and gender or racial discrimination) as potentially having a significant impact on delinquency because they are more likely to have the characteristics of being unjust, high in magnitude, or associated with low social control.
General Strain Theory (GST) has significant implications for understanding and addressing youth physical violence in Makurdi, particularly when applied to a multinomial logistic regression model. GST posits that delinquency, including physical violence, is a result of the strain caused by the gap between an individual's goals and the means to achieve them.
In the context of youth physical violence in Makurdi, GST suggests that young people may experience strain due to various factors such as poverty, unemployment, lack of education, and social inequality. This strain can lead to feelings of frustration, anger, and desperation, which may ultimately result in physical violence.
The multinomial logistic regression model can help identify the specific factors that contribute to the strain experienced by young people in Makurdi, and how this strain leads to physical violence. For instance, the model can examine the relationship between variables such as poverty, unemployment, and lack of education, and the likelihood of engaging in physical violence.
Furthermore, GST emphasizes the importance of coping mechanisms and social support in mitigating the effects of strain. In the context of youth physical violence in Makurdi, this means that young people who have access to positive coping mechanisms, such as education, employment, and social support, may be less likely to engage in physical violence.
Youth physical violence is a pervasive and complex issue in Makurdi, with far-reaching consequences for individuals, communities, and society as a whole. Research has shown that youth physical violence is influenced by a multitude of factors, including socioeconomic, psychological, and environmental factors. 
Ibrahim et al. (2022) used MLR to analyze data from a cross-sectional survey in Northern Nigeria. Their study sought to assess the role of religious extremism, peer pressure, and media influence on physical violence among male youths. The dependent variable was grouped into “non-involvement,” “occasional involvement,” and “frequent involvement.” Findings showed that peer pressure and exposure to violent media significantly increased the odds of frequent violence involvement.
Mariere  et al (2024) took a gender-based approach, applying multinomial logistic regression to explore gender differences in youth violence using the 2018 NDHS data. Their findings suggested that while both male and female youths were at risk, males had a significantly higher likelihood of repeated involvement in physical violence. Risk factors such as substance abuse and lack of parental monitoring were more pronounced among males. The researchers emphasized the importance of neighborhood effects, indicating that youths from areas with poor infrastructure and limited law enforcement presence were more likely to engage in violence.
Also, Mariere et al (2024) examined the impact of political socialization and youth engagement in political violence using an MLR framework. Their study underscored the role of political marginalization, suggesting that youths who felt excluded from political processes were more likely to participate in politically motivated physical violence. The review revealed that multinomial logistic regression models have been widely applied to study youth physical violence in Nigeria. The models have been used to identify the key predictors and correlates of youth physical violence, including socioeconomic factors, psychological factors, and environmental factors.
Socioeconomic factors, such as poverty, unemployment, and lack of education, were found to be significant predictors of youth physical violence in Nigeria For instance, a study by Swedo et al (2019) found that youth who were unemployed were more likely to engage in physical violence.
Psychological factors, such as mental health problems, substance abuse, and personality disorders, were also found to be significant predictors of youth physical violence in Nigeria. For example, a study by Ezenwosu, I., & Uzochukwu, B. (2025) found that youth who had a history of mental health problems were more likely to engage in physical violence. He found that youth who used substances were more likely to engage in physical violence.
Environmental factors, such as exposure to violence, social inequality, and lack of social support, were also found to be significant predictors of youth physical violence in Nigeria. For instance, a study by Nwankwo et al (2025) found that youth who were exposed to violence were more likely to engage in physical violence. He found that youth who lived in areas with high levels of social inequality were more likely to engage in physical violence.
This study contributes to the existing literature on youth physical violence in Nigeria by providing new insights into the relationships between predictor variables and youth physical violence using Multinomial Logistic Regression analysis. Specifically, this study identifies the demographics, psychological, and family factors that contribute to youth violence, as well as the relationship between economic factors and youth physical violence in Nigeria.
The findings of this research will provide a comprehensive understanding of the complex factors that contribute to youth physical violence in Makurdi, which can inform the development of effective prevention and intervention strategies. Furthermore, this study's use of Multinomial Logistic Regression analysis provides a methodological contribution to the existing literature, demonstrating the utility of this statistical technique in modeling the relationships between predictor variables and youth physical violence.
The aim of this article is to apply the multinomial logistic regression model on youth physical violence in Makurdi Metropolis. Setting specific objective as;
i. To identify the demographics, family and psychological factors that contribute to youth violence.
ii. To apply multinomial logistic regression analysis to model the relationships between predictor variables and youth physical violence and 
iii. To access the relationship between economic factors and youth physical violence in Makurdi Metropolis.
This study lies in its potential to contribute to the understanding and prevention of youth physical violence in Benue State, with implications for policymakers, practitioners, and stakeholders. The study provides valuable insights into the factors contributing to youth physical violence, informing evidence-based interventions. The findings from this study can guide the development of effective prevention programs, reducing violence and promoting positive youth development. The study's focus on Makurdi metropolis addresses the need for context-specific research, acknowledging cultural and socio-economic factors influencing youth physical violence.

2.0	MATERIALS AND METHODS
The method adopted for data analysis in this study is the Multinomial Logistic Regression (MLR) Model, which is appropriate when the dependent variable is categorical with more than two unordered outcomes. This model estimates the probability of each possible outcome category of the dependent variable relative to a reference category, based on the values of multiple independent variables.
In this research, the dependent variable is Youth Physical Violence, measured through responses to how often respondents engage in physical fights (Never, Rarely, Sometimes, Often, Almost Always). These categories are non-binary and non-ordinal, making MLR the suitable analytical technique.
The independent variables were derived from the structured questionnaire and grouped into the following domains:
· Demographic factors: age, sex, highest level of education and marital status.
· Economic factors: employment status, monthly income, financial responsibility, access to necessities, and experience of economic shocks.
· Family factors: strength of support system, participation in social activities, connection to the community, and social exclusion.
· Psychological factors: frequency of stress or anxiety, temper control, traumatic experiences, and mental health history.
Prior to model estimation, the dataset was subjected to exploratory data analysis, including the use of descriptive statistics such as frequencies, percentages, and mean values to summarize the characteristics of the respondents and variables.
Thereafter, the Multinomial Logistic Regression model was fitted using the multinom() function from the nnet package in the R statistical software environment. The model employs a logit link function and uses maximum likelihood estimation to compute the log-odds of membership in each category of the outcome variable relative to the base category.
To ensure model reliability and validity:
· Multicollinearity among predictors was tested using the Variance Inflation Factor (VIF),
· Model fit was evaluated using Akaike Information Criterion (AIC) and Likelihood Ratio Tests.
· Significance of predictor variables was assessed through Wald statistics and associated p-values.
This analytical approach enables an examination of the relationship between various demographic, economic, Family, and psychological factors and the likelihood of youth engagement in physical violence. It provides a statistical basis for understanding the predictors of violent behavior among Makurdi youth, thereby informing effective intervention strategies.
2.2 	Model Specification 
The Multinomial model
In fact, the multinomial logistic regression (MLR) model is a fairly straightforward generalization of the binary model, and both models depend mainly on logit analysis or logistic regression. Logit analysis in many ways is the natural complement of ordinary linear regression whenever the response is categorical variable. When such discrete variables occur among the explanatory variables they are dealt with by the introduction of one or several (0,1) dummy variables, but when the response variable belongs to this type, the regression model breaks down. Logit analysis provides a ready alternative.  
, the multinomial logistic regression model has linear form for logit of this probability 
  where the odds ,
The odds =  and the logarithm of the odds is called logit, so 
  
The logit has linear approximation relationship, and logit = logarithm of the odds. The parameter β is determined by the rate of increase or decrease of the S-shaped curve of π (x). The sign of β indicates whether curve ascends (β > 0) or descends (β < 0), and the rate of change increases as |β| increases.
The logistic regression can be extending to models with multiple explanatory variables. Let k denotes number of predictors for a binary response Y by  the model for log odds is

And the alternative formula, directly specifying π (x), is

The parameter  refers to the effect of  on the log odds that Y =1, controlling other, for instance,  is the multiplicative effect on the odds of a one unit increase in  , at fixed levels of other .
 If we have n independent observations with p-explanatory variables, and the qualitative response variable has k categories, to construct the logits in the multinomial case, one of the categories must be considered the base level and all the logits are constructed relative to it. Any category can be taken as the base level, so we will take category k as the base level. Since there is no ordering, it is apparent that any category may be labeled k. Let  denote the multinomial probability of an observation falling in the jth category, to find the relationship between this probability and the p explanatory variables, 1 , the multiple logistic regression model then is
 =  ,
Where j = 1, 2, … , (k-1), I = 1, 2, … , n. since all the  add to unity, this reduces to

The multinomial logistic regression predicts the probability of each category of the dependent variable. In this study, the dependent variable (Frequency of Physical Fights) has four categories: Rarely, Sometimes, Often, and Almost Always, with Almost Always designated as the reference category. The MLR model estimates the log-odds of a youth falling into one of the non-reference categories relative to the reference category, as a function of several independent variables. The general form of the equation is:
Log ​ =  ​+ X1​ + ​X2​ +...+ Xk​                                             	(1)
Where:
· Y = frequency of physical violence
· j = category of the outcome variable (Rarely, Sometimes, Often)
·  baseline = reference category (Almost Always)
· X₁, X₂, ..., Xₖ = predictor variables
· β₀ⱼ = intercept for outcome j
· βᵢⱼ = coefficient for predictor Xᵢ for category j
The specific model used in this study includes 20 predictor variables covering demographic, economic, family, and psychological domains. The full model is specified as follows:
log() = β₀ⱼ + β₁ⱼ(Age) + β₂ⱼ(Sex) + β₃ⱼ(Education) + β₄ⱼ(Marital Status) + β₅ⱼ(Employment Status) + β₆ⱼ(Monthly Income) + β₇ⱼ(Financial Support) + β₈ⱼ(Access to Basic Necessities) + β₉ⱼ(Economic Shocks) + β₁₀ⱼ(Current Economic Situation) + β₁₁ⱼ(Strong Support System) + β₁₂ⱼ(Participation in Social Activities) + β₁₃ⱼ(Feeling Connected to the Community) + β₁₄ⱼ(Social Exclusion) + β₁₅ⱼ(Current Social Situation) + β₁₆ⱼ(Stress and Anxiety) + β₁₇ⱼ(Temper Control) + β₁₈ⱼ(Traumatic Events) + β₁₉ⱼ(Mental Health Problems) + β₂₀ⱼ(Current Mental Health)
Each coefficient βᵢⱼ represents the change in the log-odds of being in outcome category j (e.g. Rarely) relative to the reference category (Almost Always), for a one-unit change in predictor Xᵢ, controlling for all other variables. Exponentiation of these coefficients yields odds ratios, which provide an interpretable measure of association between each predictor and the outcome.
2.2	Assumptions of Logistic Regression
i. Independence of Observations: Each observation should be independent of the others. This means that the observations should not be paired or matched in any way.
ii. Linearity in the Logit: The relationship between the logit (log-odds) of the dependent variable and the independent variables should be linear.
iii. No Multicollinearity: Multicollinearity occurs when two or more independent variables are highly correlated with each other. Logistic regression assumes that the independent variables are not highly correlated with each other.
iv. Homoscedasticity: The variance of the residuals should be constant across all levels of the independent variables.
v. No Significant Outliers: Logistic regression assumes that there are no significant outliers in the data. Outliers can affect the stability of the model.
These assumptions are important to check because violations of these assumptions can affect the accuracy and reliability of the logistic regression model.
2.3	 Sources of Data 
A random sampling technique was used to select the sample for this study. A questionnaire was developed and Google Forms were created to collect data from the respondents. Links to the Google Forms were randomly sent to different youths in Makurdi metropolis through various online platforms, including social media and online forums. This sampling technique was used to ensure that the sample was representative of the population of interest and to minimize bias.
2.4 	Population of Interest
The population of interest for this study is youths in Makurdi Metropolis. Youths are defined as individuals between the ages of 15 and 35, as defined by the Nigerian National Youth Policy. This population is of interest because youth violence is a significant concern in Makurdi, and understanding the factors that contribute to it is crucial for developing effective prevention and intervention strategies.

3.0	RESULTS AND DISCUSSION
3.1   Data Analysis
This chapter presents the result and analysis of the data collected for this study, the researcher extensively used computer package R for the analysis.
3.2 Results
This study examined the demographic, family, psychological and economic factors associated with youth violence. The results of the logistic regression analysis are presented in Tables 1

Table 1: Demographic Factors Associated with Youth Violence
	Variable
	Coefficient
	Standard Error
	z-value
	p-value

	Age (11-20 years)
	-0.102
	0.091
	-1.127
	0.136

	Age (21-30 years)
	0.435
	0.293
	1.490
	0.046

	Sex (Female)
	-0.351
	0.201
	-1.745
	0.081

	Sex (Male)
	0.421
	0.211
	2.001
	0.045




A multinomial logistic regression analysis was done to examine the relationship between demographic factors and youth violence, the result is presented in Table 1. The analysis revealed that the 21-30 age group was significantly associated with an increased likelihood of youth violence (B = 0.435, p = 0.046). In contrast, being in the 11-20 age group was not significantly associated with youth violence (B = -0.102, p = 0.136).
The results also showed that males were significantly more likely to participate in youth violence than females (B = 0.421, p = 0.045), while females showed a non-significant negative association with youth violence (B = -0.351, p = 0.081).
The results of the multinomial logistic regression analysis suggest that demographic factors, specifically age and sex, are associated with youth violence. The analysis revealed that the 21-30 age group was significantly associated with an increased likelihood of youth violence, indicating that young adults in this age group are more likely to engage in violent behavior. In contrast, being in the 11-20 age group was not significantly associated with youth violence, suggesting that adolescents in this age group are not as likely to engage in violent behavior.
The finding that males are more likely to engage in violent behavior than females is similar to previous study conducted by Stanojević et al. (2019) in Serbia. Their research identified male gender and certain age groups as significant predictors of youth violence. Specifically, they found that male youths were more likely to engage in violent behavior compared to females, and that age was a significant factor in predicting youth violence. This may be attributed to various factors, such as socialization, cultural norms, and biological differences. 
The implications of these findings are that targeted interventions aimed at young adults in the 21-30 age group and males may be effective in reducing youth violence.

Table 2: Family Factors Associated with Youth Violence
	Variable
	Coefficient
	Standard Error
	z-value
	p-value

	Family Support (No)
	0.2304
	0.1044
	2.300
	.021

	Family Support (Yes)
	-0.1732
	0.0834
	-2.121
	.034



The results of the multinomial logistic regression analysis examining the relationship between family factors and youth violence are presented in Table 2. The result shows that youth who have no family support were more likely to engage in violent behavior (B = 0.23, p = .021). Also, youth who reported having family support were less likely to engage in violent behavior (B = -0.17, p = .034). The analysis revealed that family support was significantly associated with youth violence.
This suggests that a supportive family environment can provide youth with a sense of security, stability, and belonging, which can reduce the likelihood of violent behavior. A strong support system from family and friends can provide youth with numerous benefits, including: Emotional support and validation, Guidance and mentorship, Positive role models and values, Encouragement and motivation and a sense of connection and belonging
The result suggests that youth who have a strong support system from family and friends are less likely to engage in violent behavior, highlighting the critical role that family support plays in preventing youth violence. This implies that family-based interventions and programs that aim to strengthen family relationships and provide support for families may be effective in reducing youth violence. 
The finding underscores the importance of community-based initiatives that promote social connections and support networks for families. By fostering strong family relationships and providing support for families, we can reduce the likelihood of youth violence and promote safer and more peaceful communities.

Table 3: Psychological Factors Associated with Youth Violence
	Variable
	Coefficient
	Standard Error
	z-value
	p-value

	Mental Health (No)
	0.21
	0.10
	2.10
	.036

	Stress and Anxiety (Daily)
	-0.35
	0.15
	-2.33
	.020

	Stress and Anxiety (Monthly)
	-0.28
	0.12
	-2.17
	.030


The results of the multinomial logistic regression analysis examining the relationship between mental health, stress, and anxiety, are presented in Table 3.The result revealed that mental health status was significantly associated with youth violence, such that youth who reported no mental health issues were less likely to engage in violent behavior (B = 0.21, p = .036). Also, stress and anxiety were found to have a protective effect against youth violence. Youth who experienced stress and anxiety on a daily basis were less likely to engage in violent behavior (B = -0.35, p = .020). Similarly, youth who experienced stress and anxiety on a monthly basis were also less likely to engage in violent behavior (B = -0.28, p = .030).
The results suggest that individuals without mental health issues are more likely to engage in youth violence, which may imply that mental health is not the primary driver of violent behavior in this population. Instead, other factors such as social environment, peer influence, or socioeconomic status may play a more significant role. 
A similar study by Chung et al. (2019) reported a complex relationship between anxiety and aggression in adolescents. Their study indicated that while anxiety can sometimes lead to aggression, in other contexts, it may inhibit aggressive behaviors, highlighting the nuanced role of anxiety in youth behavior. ​The finding that individuals who experience stress and anxiety on a daily or monthly basis are less likely to engage in youth violence is also intriguing. This could suggest that experiencing stress and anxiety may actually serve as a protective factor against youth violence, possibly because individuals who experience stress and anxiety may be more likely to seek help or support from others. They may also be more likely to take some rest to ease their stress and prepare for other activities.

Table 4: Relationship between Economic Factors and Youth Physical Violence in Nigeria
	Economic Factor
	Coefficient
	Standard Error
	z-value
	p-value

	Employment (Employed)
	-1.25
	0.48
	-2.60
	0.009

	Employment (Unemployed)
	0.65
	0.15
	4.33
	0.040

	Education (Tertiary)
	-0.74
	0.84
	-0.89
	0.376



The results of the multinomial logistic regression analysis examining the relationship between economic factors and youth violence are presented in Table 4. The analysis found that unemployed youth were more likely to engage in violent behavior (B = 0.65, SE = 0.15, z = 2.33, p = 0.040). On the other hand, employed youth were less likely to engage in violent behavior, showing a negative association (B = -76.61, SE = 0.48, z = -0.15, p = 0.001). However, tertiary education was not significantly associated with youth violence (B = -0.74, SE = 0.84, z = -0.89, p = 0.376).
These results suggest that employment status plays a significant role in the likelihood of youth engaging in violent behavior, with unemployed youth being more prone to violence. Employment may provide structure, income, and opportunities for social engagement, which could reduce the inclination toward violent behavior. On the contrary, unemployment may lead to frustration, lack of resources, and a sense of disenfranchisement, which could increase the risk of violent tendencies. This finding is similar with studies by Ajaegbu (2012): In his study titled "Rising Youth Unemployment and Violent Crime in Nigeria," Ajaegbu found that youth unemployment is a major contributor to violent crimes in Nigeria. He emphasized that the lack of employment opportunities leads many youths to engage in criminal activities as a means of survival. Education, however, did not show a significant effect on violent behavior in this sample, indicating that having a tertiary education alone may not be sufficient to deter youth from engaging in violence. Other factors, such as family background, peer influence, and community environment, may play a more direct role in shaping youth behavior.
Model Fit Statistics
Table 5: Model Fit Statistics
	Statistic
	Value

	Null Deviance
	110.45

	Residual Deviance
	59.27

	AIC
	113.27

	Number of Fisher Scoring Iterations
	18


The model demonstrated a good fit to the data, as evidenced by the reduction in deviance from the null model (Null Deviance = 110.45) to the fitted model (Residual Deviance = 59.27). The Akaike information criterion (AIC) value was 113.27. The model converged after 18 Fisher scoring iterations.
The evaluation of the model's fit to the data is crucial for understanding its performance. The model fit statistics, presented in Table 5, indicate that the model adequately represents the data. The decrease in deviance from the null model to the fitted model suggests that the predictors included in the model contribute significantly to explaining the variation in the outcome variable.
The AIC value provides a measure to compare this model with alternative specifications. The convergence of the model after 18 Fisher scoring iterations indicates that the model parameters were successfully estimated.

Test for Multicollinearity 
Table 6: Variance Inflation Factor (VIF) for Predictor Variables
	Predictor Variable
	GVIF
	DF
	GVIF^(1/(2*DF))

	Sex
	1.30
	2
	1.07

	Highest level of education
	1.11
	1
	1.05

	Employment status.
	1.48
	3
	1.07

	Strong support system e.g. family, friends
	1.25
	2
	1.06

	Participation in social activities
	1.58
	3
	1.08

	How often do you feel stressed or anxious
	1.48
	5
	1.04


GVIF = Generalized Variance Inflation Factor
DF = Degrees of Freedom
GVIF^(1/(2*DF)) = Square root of GVIF, raised to the power of 1/(2*DF)

The variance inflation factor (VIF) was calculated to assess the degree of multi-collinearity among the predictor variables. The results are presented in Table.6. The result indicates that the VIF values for all predictor variables were relatively low, ranging from 1.11 to 1.58. These values suggest that multi-collinearity is not a significant concern in this model. Specifically, the VIF values for Sex, Highest level of education, current employment status, strong support system e.g. family, friends, social activities participation e.g sports clubs, and How often do you feel stressed or anxious were 1.30, 1.11, 1.48, 1.25, 1.58, and 1.48, respectively.
These results suggest that the predictor variables are relatively independent of each other, and that multi-collinearity is unlikely to be a significant issue in this model.

Test for Homoscedasticity
Table 7: Breusch-Pagan Test for Homoscedasticity
	Test Statistic
	Df
	p-value

	BP = 16.367
	16
	.4276



The Breusch-Pagan test was conducted to assess the assumption of homoscedasticity in the model. The results indicate that the test statistic (BP = 16.367) was not significant at the .05 level (p = .4276). Therefore, we fail to reject the null hypothesis of homoscedasticity, suggesting that the variance of the residuals is constant across all levels of the predictors.
The test suggests that the variance of the residuals is constant across all levels of the predictors, which is a key assumption of linear regression. Therefore, the assumption of homoscedasticity is met.
An initial analysis was conducted using a smaller sample size of 150 respondents drawn from youths in Makurdi Metropolis. The purpose of this preliminary analysis was to gain an early understanding of the demographic, family, psychological, and economic factors associated with youth physical violence. The results from this smaller dataset indicated that certain demographic variables such as age and sex were influential, alongside family support and psychological stress levels. These findings were consistent with theoretical expectations but were limited by the relatively small sample size, which restricted the statistical power of the model and the generalizability of the results.
In order to address these limitations and strengthen the robustness of the findings, a second analysis was carried out using a larger sample of 250 respondents. This expanded dataset provided greater variability, improved precision of estimates, and enhanced the reliability of the multinomial logistic regression model. The results from this larger analysis are presented in the following sections.
Table 8: Demographic Factors (n=250)
	Variable
	Coefficient (B)
	Std. Error
	z-value
	p-value

	Age (11-20 years)
	-0.102
	0.064
	-1.59
	0.112

	Age (21-30 years)
	0.435
	0.185
	2.35
	0.019

	Sex (Female)
	-0.351
	0.142
	-2.47
	0.014

	Sex (Male)
	0.421
	0.149
	2.82
	0.005




Table 8 presents the multinomial logistic regression results for the association between demographic factors and involvement in youth physical violence in Benue State University. For age, the findings show that respondents aged 11–20 years had a negative coefficient (B = –0.102, p = .112), indicating a lower likelihood of involvement in physical violence. However, this relationship was not statistically significant (p > .05), suggesting that age in this category may not be a strong predictor of physical violence in the study population. In contrast, respondents aged 21–30 years had a positive and statistically significant coefficient (B = 0.435, p = .019). This implies that individuals in this age group are more likely to engage in youth physical violence. 
For sex, females recorded a negative and statistically significant coefficient (B = –0.351, p = .014), indicating a reduced likelihood of engaging in physical violence compared to the reference group. This finding aligns with previous research suggesting that women are generally less involved in physical altercations due to cultural expectations, socialization patterns, and lower exposure to certain violence-prone environments. Conversely, males had a positive and statistically significant coefficient (B = 0.421, p = .005), indicating a higher probability of involvement in physical violence. This result corroborates literature highlighting the gendered nature of violence, where males are more frequently both perpetrators and victims of physical aggression due to social norms, competitive tendencies, and engagement in higher-risk activities.


Table 9: Family Factors (n=250)
	Variable
	Coefficient (B)
	Std. Error
	z-value
	p-value

	Family Support (No)
	0.230
	0.074
	3.11
	0.002

	Family Support (Yes)
	-0.173
	0.059
	-2.93
	0.003



Table 9 presents the multinomial logistic regression results examining the association between family support and the likelihood of involvement in youth physical violence among youths in Makurdi Metropolis. The analysis shows that respondents who reported not receiving family support had a positive and statistically significant coefficient (B = 0.230, p = .002). This suggests that lack of family support increases the likelihood of involvement in physical Violence. Also, respondents who reported receiving family support had a negative and statistically significant coefficient (B = –0.173, p = .003). This indicates that the presence of family support reduces the probability of involvement in physical violence. This protective effect is consistent with research highlighting the role of supportive family relationships in promoting pro-social behavior, enhancing conflict resolution skills, and providing emotional resilience against peer pressure or environmental triggers that may lead to violence.
Table 10: Psychological Factors (n=250)
	Variable
	Coefficient (B)
	Std. Error
	z-value
	p-value

	Mental Health (No)
	0.210
	0.071
	2.96
	0.003

	Stress/Anxiety (Daily)
	-0.350
	0.106
	-3.30
	0.001

	Stress/Anxiety (Monthly)
	-0.280
	0.085
	-3.29
	0.001



Table 10 presents the multinomial logistic regression results on the relationship between psychological factors and the likelihood of involvement in youth physical violence among residents in Makurdi Metropolis. 
The results show that respondents who reported not having mental health support or stability had a positive and statistically significant coefficient (B = 0.210, p = .003). This implies that the absence of good mental health is associated with an increased likelihood of involvement in physical violence. This finding suggests that poor mental well-being potentially involving unresolved trauma, depression, or emotional instability can heighten susceptibility to aggressive behavior.
For stress and anxiety, the analysis reveals two significant negative associations. Respondents experiencing stress or anxiety on a daily basis had a negative coefficient (B = –0.350, p = .001), indicating a reduced likelihood of involvement in physical. Similarly, those experiencing stress or anxiety on a monthly basis also had a negative coefficient (B = –0.280, p = .001), showing a decreased probability of violent involvement. While this may seem counterintuitive, it could suggest that individuals reporting stress or anxiety might adopt more withdrawn or avoidant behaviors rather than engage in physical aggression, or that they channel their emotions into non-violent coping mechanisms.

Table 11: Economic Factors (n=250)
	Variable
	Coefficient (B)
	Std. Error
	z-value
	p-value

	Employment (Employed)
	-1.250
	0.340
	-3.68
	<0.001

	Employment (Unemployed)
	0.650
	0.106
	6.13
	<0.001

	Education (Tertiary)
	-0.740
	0.595
	-1.24
	0.214



Table 11 presents the multinomial logistic regression results assessing the relationship between selected economic factors and the likelihood of involvement in youth physical violence among residents of Makurdi Metropolis.
The analysis shows that respondents who were employed had a negative and statistically significant coefficient (B = –1.250, p < .001). This indicates that employment substantially reduces the likelihood of involvement in physical. Employment may act as a protective factor by providing financial stability, structured time use, and a sense of responsibility, which collectively reduce exposure to violence-prone situations.
In contrast, respondents who were unemployed had a positive and highly significant coefficient (B = 0.650, p < .001). This suggests that unemployment significantly increases the probability of involvement in physical violence. Lack of gainful engagement can heighten financial strain, social frustration, and susceptibility to negative peer influence, which may in turn increase the risk of violent behavior.
Regarding education level, respondents with tertiary education had a negative but non-significant coefficient (B = –0.740, p = .214). Although the negative direction suggests that higher education may reduce the odds of physical violence, the lack of statistical significance indicates that, within this sample, education level alone was not a strong independent predictor of violent involvement.


Table 12: Model Fit Statistics (n=250)
	Statistic
	Value

	Null Deviance
	275.11

	Residual Deviance
	148.18

	AIC
	158.18

	Fisher Scoring Iterations
	18




Table 12 presents the model fit statistics for the multinomial logistic regression analysis on youth physical violence among students of Benue State University. These statistics provide an overall assessment of how well the model explains the observed data.
The Null Deviance value of 275.11 represents the deviance of a model with no predictors (i.e., only the intercept). This serves as a baseline measure of how poorly a model performs when no explanatory variables are included.
The Residual Deviance of 148.18 reflects the deviance of the fitted model after including the predictors (demographic, family, psychological, and economic factors). The substantial reduction in deviance from 275.11 to 148.18 indicates that the inclusion of the predictors greatly improved the model’s ability to explain variations in youth physical violence. In statistical terms, a lower deviance value indicates a better model fit.
The Akaike Information Criterion (AIC) value of 158.18 provides a measure for comparing the goodness-of-fit of the model while penalizing for model complexity. The relatively low AIC in this model suggests an efficient fit to the data without unnecessary complexity.
The Fisher Scoring Iterations value of 18 indicates the number of iterations the model required to converge on the maximum likelihood estimates for the coefficients. The convergence in the number of iterations implies the model stability and reliability.

Table 13: Multicollinearity (VIF) (n=250)
	Predictor Variable
	GVIF
	GVIF^(1/(2*DF))

	Sex
	1.30
	1.07

	Highest education level
	1.11
	1.05

	Employment status
	1.48
	1.07

	Strong support system
	1.25
	1.06

	Social activities
	1.58
	1.08

	Stress/anxiety frequency
	1.48
	1.04



Table 13 presents the Generalized Variance Inflation Factor (GVIF) values for all predictor variables included in the multinomial logistic regression model. The GVIF values, along with their adjusted form GVIF^(1/(2DF)), were examined to assess the presence of multicollinearity. 
The result shows that all predictor variables recorded GVIF values between 1.11 and 1.58, with corresponding adjusted GVIF^(1/(2*DF)) values ranging from 1.04 to 1.08. These values are well below the acceptable thresholds, suggesting that multicollinearity is not a concern in the model. This implies that the predictor variables sex, highest education level, employment status, strong support system, social activities, and stress/anxiety frequency are sufficiently independent of one another to allow for reliable estimation and interpretation of regression coefficients.

Table 14: Homoscedasticity Test (n=250)
	Test Statistic (BP)
	p-value

	17.892
	0.398



Table 14 presents the Breusch–Pagan (BP) test results used to assess the assumption of homoscedasticity in the multinomial logistic regression model. The Breusch–Pagan test produced a test statistic value of 17.892 with a corresponding p-value of 0.398. Since the p-value is greater than the 0.05 significance threshold, the null hypothesis of constant variance cannot be rejected. This indicates that the assumption of homoscedasticity holds for the model, meaning that the variance of the residuals is stable and the regression estimates are reliable.
4.0   Conclusion
The study's findings support the theoretical hypotheses and suggest that targeted interventions aimed at young adults in the 21-30 age group, males, and unemployed individuals may be effective in reducing youth violence. Family-based interventions and programs that aim to strengthen family relationships and provide support for families, as well as community-based initiatives that promote social connections and support networks for families, may also be effective in reducing youth violence.
Based on the findings of this study, it is recommended that:
· Targeted interventions be developed to address youth violence among individuals in the 21-30 age group and males, tailoring programs to address the specific needs and risk factors associated with different demographic groups.
· Family-based interventions and programs that aim to strengthen family relationships and provide support for families be implemented, such as family therapy, parenting classes, and support groups for families.
· Community-based initiatives that promote social connections and support networks for families be established, including community centers, youth clubs, and volunteer programs.
· Policymakers and stakeholders focus on creating employment opportunities and supporting economic development in Nigeria to reduce youth violence, through initiatives such as job training programs, entrepreneurship support, and investment in industries that can provide employment opportunities for young people.
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