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Pr 𝑌 = 1 𝑋1,𝑋2,…𝑋! =
1

1+ 1
𝑒(!!!!!!!!!!!!!!!!!)    

 

 

The general model above is then filled using the variables (dependent and independent) 

mentioned in the prior section. This results in the model outlined below: 

Pr  (𝑟𝑒𝑔𝑖𝑚𝑒𝑐𝑜𝑙𝑙𝑎𝑝𝑠𝑒  𝑜𝑟  𝑖𝑛𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦)

= 1 𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 %𝑚𝑎𝑙𝑒 ,𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜𝑡𝑎𝑙 ,𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 𝑟𝑢𝑙𝑒𝑜𝑓𝑙𝑎𝑤,  

  𝑣𝑜𝑖𝑐𝑒𝑎𝑛𝑑𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦,𝐺𝐷𝑃𝑝𝑒𝑟𝑐𝑎𝑝𝑖𝑡𝑎, 𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡𝑢𝑠𝑒𝑟𝑠,𝑚𝑜𝑏𝑖𝑙𝑒𝑝ℎ𝑜𝑛𝑒𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑠   

 

= 𝐹(𝛽! + 𝛽!𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 %𝑚𝑎𝑙𝑒 + 𝛽!𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜𝑡𝑎𝑙 + 𝛽!  𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦

+ 𝛽!𝑟𝑢𝑙𝑒𝑜𝑓𝑙𝑎𝑤 + 𝛽!𝑣𝑜𝑖𝑐𝑒𝑎𝑛𝑑𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 + 𝛽!𝐺𝐷𝑃𝑝𝑒𝑟𝑐𝑎𝑝𝑖𝑡𝑎

+ 𝛽!𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡𝑢𝑠𝑒𝑟𝑠 + 𝛽!𝑚𝑜𝑏𝑖𝑙𝑒𝑝ℎ𝑜𝑛𝑒𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑠) 

General Description of Data 

The table below provides the descriptive statistics for the variables used to test the model. 

Variable  Observations Mean Standard 

Deviation 

Min Max 

Time (Year) 152 2010.5 2.298862 2007 2014 

Country Name 152 10 5.495332 1 19 

Regime Change or Instability 152 0.2434211 0.4305658 0 1 

Unemployment (%male) 126 7.578571 4.175579 0.1 17.1 

Population Total 152 1.99E+07 2.36E+07 406724 8.96E+07 

Political Stability 152 -0.5293574 1.112623 -2.793988 1.271174 

Rule of Law 152 -0.1771547 0.8066086 -1.923882 1.596532 

Voice and Accountability 152 -0.9674259 0.6490644 -1.895699 1.237764 

GDP per Capita (PPP-USD) 141 16788.37 20895.76 1060.815 97518.61 

Internet Users (per 100) 151 36.6052 24.8092 0.93 91.49 

Mobile Phone Subscriptions (per 100) 152 102.5032 45.63158 8.706632 218.4303 

 

General Data Summary 
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 The table above provides a general overview of the data. Some data points – 

unemployment, population total, GDP per capita, Internet users and mobile phone subscriptions 

(per 100 people) are all self-explanatory. However, understanding the data points of Political 

Stability, Rule of Law, and Voice and Accountability is vital to understanding the model. As 

previously noted, these three variables are the aggregation of numerous different variables from 

numerous studies. They range in value from -2.5 to 2.5. The higher the score (closer to 2.5) the 

more stable the country, the greater the rule of law, and the more responsive the government. As 

the table shows, the means for each of these variables is negative, indicating that the 19 countries 

as a whole are relatively unstable with limited rule of law and government accountability.  

Results and Findings  

Two separate models were run using Stata with the data entered as panel data and using the 

command to find a binary logit regression model of panel data.  

The First Model  

Pr  (𝑟𝑒𝑔𝑖𝑚𝑒𝑐𝑜𝑙𝑙𝑎𝑝𝑠𝑒  𝑜𝑟  𝑖𝑛𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦)

= 1 𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 %𝑚𝑎𝑙𝑒 ,𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜𝑡𝑎𝑙 ,𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 𝑟𝑢𝑙𝑒𝑜𝑓𝑙𝑎𝑤,  

  𝑣𝑜𝑖𝑐𝑒𝑎𝑛𝑑𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦,𝐺𝐷𝑃𝑝𝑒𝑟𝑐𝑎𝑝𝑖𝑡𝑎, 𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡𝑢𝑠𝑒𝑟𝑠,𝑚𝑜𝑏𝑖𝑙𝑒𝑝ℎ𝑜𝑛𝑒𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑠   

 

= 𝐹(𝛽! + 𝛽!𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 %𝑚𝑎𝑙𝑒 + 𝛽!𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜𝑡𝑎𝑙 + 𝛽!  𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦

+ 𝛽!𝑟𝑢𝑙𝑒𝑜𝑓𝑙𝑎𝑤 + 𝛽!𝑣𝑜𝑖𝑐𝑒𝑎𝑛𝑑𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 + 𝛽!𝐺𝐷𝑃𝑝𝑒𝑟𝑐𝑎𝑝𝑖𝑡𝑎

+ 𝛽!𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡𝑢𝑠𝑒𝑟𝑠 + 𝛽!𝑚𝑜𝑏𝑖𝑙𝑒𝑝ℎ𝑜𝑛𝑒𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑠) 

 

 

 

 

Model One Summary 

Number of Observations 119 
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Number of groups 18 

Obs per group:   

min 1 

avg 6.6 

max 7 

Integration points 12 

Wald chi2(8) 19.05 

Prob > chi2 0.0146 

Log likelihood  -46.1347 

 

Outcome 

regimechangeinstability	   Coef.	   Std.	  Err.	   z	   P>z	   [95%	  Conf.	  Interval]	  

	         mobilecellularsubscriptionsper10	   0.0401979	   0.012563	   3.2	   0.001	   0.015576	   0.06482	  
unemploymentmaleofmalelaborforce	   0.0054299	   0.121453	   0.04	   0.964	   -‐0.23261	   0.243473	  

populationtotalsppoptotl	   4.41E-‐09	   1.42E-‐08	   0.31	   0.756	   -‐2.35E-‐08	   3.23E-‐08	  

politicalstabilityandabsenceofvi	   -‐2.230723	   0.818593	   -‐2.73	   0.006	   -‐3.83514	   -‐0.62631	  
ruleoflawestimaterlest	   0.3889231	   1.070159	   0.36	   0.716	   -‐1.70855	   2.486396	  

voiceandaccountabilityestimateva	   1.671666	   0.68606	   2.44	   0.015	   0.327014	   3.016318	  
gdppercapitacurrentusnygdppcapcd	   3.91E-‐06	   3.87E-‐05	   0.1	   0.92	   -‐7.2E-‐05	   7.97E-‐05	  

internetusersper100peopleitnetus	   -‐0.0261388	   0.023875	   -‐1.09	   0.274	   -‐0.07293	   0.020655	  

_cons	   -‐4.911351	   1.852248	   -‐2.65	   0.008	   -‐8.54169	   -‐1.28101	  

	         /lnsig2u	   -‐14.10668	   43.83878	  
	    

-‐100.029	   71.81575	  

	         sigma_u	   0.0008645	   0.01895	  
	    

1.90E-‐22	   3.93E+15	  
rho	   2.27E-‐07	   9.96E-‐06	  

	    
1.10E-‐44	   1	  

 

Findings of Model One 

The first model – which included all independent variables – had 119 observations (as the 

lack of unemployment data points decreased the number of observations – see Model 2). The log 

likelihood was -23.28. There were three independent variables that were statistically significant 

at the 10% level: (1) Mobile Cellular Subscriptions (z-score: of 3.2, p-value: 0.001, coef.: 0.04), 

(2) Political Stability and Absence of Violence and Terrorism (z-score: -2.73, p-value: 0.006, 

coef.: -2.23), and (3) Voice and Accountability (z-score: 2.44, p-value: 0.015, coef.: 1.67). There 
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are no other statistically significant variables even if the level is increased to 20%. Internet Users 

(per 100 people) – a variable of focus in this paper – does not meet the threshold of statistical 

significance with a z-score of -1.09 and a p-value of 0.274. In addition to a lack of statistical 

significance, the coefficient is also very small (-0.026) which demonstrates its lack of impact on 

the predictive probability.  

It is important to note that the Unemployment Level (% males), Population (total), and 

GDP per capita (PPP-USD) are all statistically insignificant. Unemployment level (% males) has 

a z-score of 0.04 and a p-value of 0.964. This is also the case with the Population (total), as the 

z-score is 0.31 and the p-value is 0.756. GDP per capita has a z-score of 0.1 and a p-value of 

0.92. Furthermore, the coefficients on all of these variables are less than 0.001, indicating very 

limited impact on the predictive probability (not to mention the lack of statistical significance).  

The variables that exhibited statistical significance at the 5% level – (1) Mobile Cellular 

Subscriptions, (2) Political Stability and Absence of Violence and Terrorism, and (3) Voice and 

Accountability – all provide interesting insights into the reasons internal instability occurs. Based 

on this model and the findings, both technology and Voice and Accountability have a positive 

correlation with the probability of internal instability. In terms of mobile phone subscriptions, 

this positive correlation indicates that the greater the information flowing between dissenters and 

the more easily accessible that information, the more likely there will be internal instability. 

However, it is interesting that a higher degree of freedom of speech and accountability would be 

positively correlated to regime change and internal instability. It is interesting that the data shows 

that a government that is more responsive to the demands of the people would be less stable and 

that greater accountability and freedom of speech would increase the likelihood of internal 

instability or regime change. However, perhaps this is due to the fact that a government that is 

more willing to allow dissenting opinions is also more likely to face internal instability in the 

form of protests and mass movements. However despite this possible explanation, the positive 

correlation between “voice and accountability” and increasing levels of regime change and 

internal instability found in this study warrant further study.  

This model is also interesting, as the factors found by prior scholars to be statistically 

significant and impact the predictive probability of the model – percent male Unemployment, 

Population, and GDP per capita – were not statistically significant and had small coefficients 
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indicating limited impact on the predictive probability. It is interesting that this particular model 

did not concur with the vast majority of research and modeling in this area. However, much of 

the prior research and modeling focuses on regions and time periods that do not include the Arab 

Spring of 2010-2011, and perhaps do not capture the unique nature of the Arab Spring uprisings, 

instability, and regime change. It is interesting that this study did not find the economic variables 

(Unemployment and GDP per capita) to be statistically significant or impact the predictive 

probability of the model. This lack of impact can perhaps be attributed to the unique nature of the 

Arab Spring uprisings and the political focus of these uprisings. It is interesting that this model 

found that political factors such as the Voice and Accountability of the government and levels of 

prior internal instability as well as technology – Mobile Phone Subscriptions – were the most 

statistically significant and had the greatest impact on the predictive probability of the model. 

However this also calls into question whether this model could be applied to other datasets that 

capture different time periods, regions, and nations. Because of this discrepancy, further research 

on the Arab Spring, the significance of political vs. economic factors, and the role of technology 

warrant further research. 

 

The Second Model 

The second model does not include the Unemployment independent variable. This is because 

there is a lack of data points for Unemployment that limits the number of observations to 119. 

When the Unemployment independent variable is excluded, the number of observations increases 

to 140.  

 

Pr  (𝑟𝑒𝑔𝑖𝑚𝑒𝑐𝑜𝑙𝑙𝑎𝑝𝑠𝑒  𝑜𝑟  𝑖𝑛𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦) = 1 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜𝑡𝑎𝑙 ,𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 𝑟𝑢𝑙𝑒𝑜𝑓𝑙𝑎𝑤,  

  𝑣𝑜𝑖𝑐𝑒𝑎𝑛𝑑𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦,𝐺𝐷𝑃𝑝𝑒𝑟𝑐𝑎𝑝𝑖𝑡𝑎, 𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡𝑢𝑠𝑒𝑟𝑠,𝑚𝑜𝑏𝑖𝑙𝑒𝑝ℎ𝑜𝑛𝑒𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑠   

= 𝐹(𝛽! + 𝛽!𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜𝑡𝑎𝑙 + 𝛽!  𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 + 𝛽!𝑟𝑢𝑙𝑒𝑜𝑓𝑙𝑎𝑤

+ 𝛽!𝑣𝑜𝑖𝑐𝑒𝑎𝑛𝑑𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 + 𝛽!𝐺𝐷𝑃𝑝𝑒𝑟𝑐𝑎𝑝𝑖𝑡𝑎 + 𝛽!𝑖𝑛𝑡𝑒𝑟𝑛𝑒𝑡𝑢𝑠𝑒𝑟𝑠

+ 𝛽!𝑚𝑜𝑏𝑖𝑙𝑒𝑝ℎ𝑜𝑛𝑒𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑠) 
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Model Two Summary 

Number of obs 140 
Number of groups 19 
Obs per group:  

 min 1 
avg 7.4 
max 8 
Integration points 12 
Wald chi2(7) 21.79 
Prob > chi2 0.0028 
 

Outcome 

regimechangeinstability Coef. Std. Err. z P>z [95% Conf. Interval] 

       mobilecellularsubscriptionsper10 0.02982 0.009378 3.18 0.001 0.0114385 0.048201 
populationtotalsppoptotl 1.62E-09 1.13E-08 0.14 0.886 -2.04E-08 2.37E-08 
politicalstabilityandabsenceofvi -1.4733 0.581081 -2.54 0.011 -2.612195 -0.3344 
ruleoflawestimaterlest -0.10423 0.794103 -0.13 0.896 -1.660643 1.452181 
voiceandaccountabilityestimateva 1.255797 0.573653 2.19 0.029 0.1314582 2.380136 
gdppercapitacurrentusnygdppcapcd 9.21E-07 2.91E-05 0.03 0.975 -0.0000561 5.79E-05 
internetusersper100peopleitnetus -0.02607 0.018743 -1.39 0.164 -0.062802 0.01067 
_cons -3.50988 1.042325 -3.37 0.001 -5.552795 -1.466958 

       /lnsig2u -14.5468 646.7459 
  

-1282.146 1253.052 

       sigma_u 0.000694 0.224343 
  

3.90E-279 1.20E+272 
rho 1.46E-07 9.46E-05 

  
0 . 

 

 

 

Findings of Model Two 

 The second model – which had 140 observations – did not include the unemployment 

variable as previously stated. As the table above demonstrates, there are three variables that are 

statistically significant at the five percent level. These variables are (1) Mobile Cellular 
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Subscriptions (z-score: 3.18, p-value: 0.001, coef.: 0.029), (2) Political Stability (z-score: -2.54, 

p-value: 0.011, coef.: -1.47), and (3) Voice and Accountability (z-score: 2.19, p-value: 0.029, 

coef.: 1.26). If the statistical significance level is increased to 20%, then Internet Users (per 100 

people) is statistically significant (z-score: -1.39, p-value: 0.164, coef.: -0.026).Once again, this 

model does not find Population or GDP per capita to be statistically significant or have a large 

impact on the predictive probability of the model (refer to table above for z-scores, p-values, and 

coefficients). This confirms the findings of Model 1 which included the Unemployment variable 

and also found Population and GDP per capita to be statistically insignificant.  

 Dropping the Unemployment variable increases the number of observations which does 

have an impact on the statistical significance and predictive probability of the other independent 

variables. This is particular true in the case of Internet Users, which is statistically significant in 

the second model but not the first. However, its coefficient has a negative value which indicates 

that the greater the number of internet users, the less likely there will be internal instability. One 

possible explanation for this is the fact that nations that have greater access to the internet are 

also likely better off. This in turn means that people are materially satisfied and would 

potentially be less likely to participate in an uprising. Another possible explanation for this 

counter-intuitive finding is that the variable Internet Users (per 100 people) does not capture 

how those internet users use or used the internet. The level of government censorship and control 

over internet access is not measured, which limits the ability of this study to differentiate internet 

use for mundane tasks (shopping, talking to friends, etc.) and internet use that would fuel internal 

instability (dissenting blog posts, posting photos/videos of government violence, coordinating 

protests and gatherings, etc.). For this reason, it is necessary for further research to better 

differentiate between mundane and incendiary internet use.  

 The second model also confirms the importance of political factors and the lack of 

importance of economic factors (at least those used in this study), in this model and the Arab 

Spring more generally. As the statistical significance and impact on predictive probability 

indicates, political factors – Voice and Accountability and Prior Internal Instability – had a 

greater impact than economic factors – Unemployment (% males) and GDP per capita – on the 

likelihood of internal instability during the Arab Spring and the surrounding time period (2007-

2014). Furthermore, we can see that technology did play during the Arab Spring. While Mobile 
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Cellular Subscriptions had a positive correlation with internal instability, its impact was limited 

as indicated by the small coefficient in both models. Interestingly, Internet Users (while only 

statistically significant in the second model) had a negative correlation to internal instability. 

This is odd, as it indicates that the greater the number of internet users, the less likely the 

probability of internal instability. Nonetheless, these findings indicate that increasing levels of 

technology could have a direct impact on the likelihood of conflict. As the spread and use of 

technology continues to grow, the importance of its use will only increase. This model 

demonstrates that technology does play a role in internal conflict and despite limited impact on 

predictive probability, it is a subject worth exploring further.  

Predictive Accuracy of Model Two 

 Finally, in this section, Model Two is tested for its predictive accuracy. In order to do 

this, a threshold of when a conflict might occur must be determined. This paper follows the logic 

of Ward et al., who establish that a binary dependent variable with a value greater than or equal 

to 0.5 predicts internal conflict and a value less than 0.5 indicates no internal conflict (2010, p. 

366). In order to check the predictive probability of the model, 140 observations were analyzed 

using the logit regression equation that calculates whether or not the dependent variable (Y) is 

equal to one (Y=1) for any value of X (Referred to as 𝑝 in the equation below). Model Two has 

12 incomplete data points, as the GDP per capita variable was unavailable for 11 countries 

during specific years while the Internet Users data was unavailable for a single year. Therefore, 

the predictive probability of the model was tested using 140 observations rather than the full 152. 

The logit regression equation is detailed below: 

General Formula 

𝑝 = !"#  (!!!⋯!!!!!)
!!!"#  (!!!⋯!!!!!)

= !(!!!⋯!!!!!)

!!!(!!!⋯!!!!!)
  

 

Specified Formula 

𝑝 =
exp 𝐵! +⋯+ 𝐵!𝑋!

1+ exp 𝐵! +⋯+ 𝐵!𝑋!
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= !(!!.!"!!.!"#$!!!!.!"!!!"!!!!.!"#!!!!.!"#!!!!.!"#!!!!.!"!!!"!!!!.!"#$!!)

!!!(!!.!"!!.!"#$!!!!.!"!!!"!!!!.!"#!!!!.!"#!!!!.!"#!!!!.!"!!!"!!!!.!"#$!!)
  

 

 

Variable 𝑿𝒌 Value Coefficient Value 
Mobile Cell Subscriptions 𝑋! 0.02982 

Population 𝑋! 1.62E-09 
Political Stability 𝑋! -1.4733 

Rule of Law 𝑋! -0.10423 
Voice and Accountability 𝑋! 1.255797 

GDP per capita 𝑋! 9.21E-07 
Internet Users 𝑋! -0.02607 
𝐵! Value NA -3.50988 

 

 The accuracy of this model was tested using the formula above. Using the 0.5 threshold, 

the model correctly predicted nine periods of internal conflict. It did not predict 22 other cases of 

internal instability and had four false positives, where it predicted conflict but no conflict 

actually occurred. Furthermore, it did not predict conflict in 108 cases in which there was not 

conflict. If the predictive level is dropped to 0.45, the model becomes more effective at 

predicting conflict. The model correctly predicts 15 periods of internal conflict but the false 

positives increase to five. However, the number of conflicts that the model does not predict 

properly falls from 22 to 16. Using the 0.45 threshold, the model correctly predicts internal 

conflict one out of every two times (48.4%) compared to only 29 percent of the time with a 0.5 

threshold. This indicates a relatively strong model compared to prior work. Fearon and Laitin’s 

model correctly predicted 0 out of 107 periods of internal conflict at the 0.5 threshold while the 

model of Collier and Hoeffler predicted 3 out of 46 (7%) periods of internal conflict correctly 

with 5 false positives (Ward et al, 2010, p. 366). The model presented in this paper correctly 

predicts nine out of 31 periods of conflict correctly with four false positives at the 0.5 threshold 

and 15 out of 31 correctly with five false positives at the 0.45 threshold. This indicates that the 

model at both the 0.5 and 0.45 thresholds is better able to accurately predict conflict than some 

prior work. While this model does perform better than some prior research, there are limitations.  

Limitations and Future Research 



26	  
	  

Several important limitations of this paper should be noted. One limitation of this paper is 

that it only uses one type of model (logit) to predict internal instability. Many of the more 

advanced systems, like the ICEWS of the US Department of Defense, combine numerous models 

and have thousands of data points and hundreds of case studies. The model used in this paper 

has, at most, 140 observations (Model Two, the more complete model, is missing 12 data points). 

This limits the accuracy of the model and the ability of the model to be used outside of the 

original data set. Another limitation of this data is that it focuses exclusively on the Middle East 

during one period of internal instability. With such limited data, it is hard to know how accurate 

this model is and how impactful technology truly is on internal instability. While this paper 

purposefully focuses on the impact of technology on internal conflict during the Arab Spring, 

this also severally limits the amount of data and case studies that are used. For this reason, the 

importance of technology must be further researched in the future using other case studies 

beyond the Arab Spring the Middle East more generally. Again, at this time, additional data sets 

or case studies are not readily available, as there have been only a limited number of serious 

cases of internal instability during the 21st century when technology truly became significant and 

widespread. As time goes on, and more periods of internal instability occur, future research will 

be better able to test whether or not technology plays a significant role in fostering internal 

instability.  

Implications and Conclusion  

 Regime collapse and internal instability dramatically impact the ability of nations to 

protect their citizens and maintain stability. Furthermore, the repercussions of these conflicts and 

regime changes impact the international community and global economic markets. Recently, as 

technology has become more prevalent and easily accessed, governments, NGOs, and academics 

have all attempted to better understand the role of technology in fueling internal instability. This 

has largely taken the form of qualitative analysis of regional or country-specific experts who 

analyze the use of technology and the impact on internal instability. This was particularly true 

during the Arab Spring, when the use of social media, texting, and other forms of technology 

impacted the depth and breadth of uprisings throughout the Middle East. This study aimed to 

quantitatively measure the impact of technology on internal instability using proxy variables of 

Mobile Cellular Subscriptions (per 100 people) and Internet Users (per 100 people) to measure 
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the impact of technology on internal instability during the Arab Spring and surrounding time 

period (2007-2014). It is clear from the findings that technology did play a role. However, while 

both variables were statistically significant, neither had a major impact on the predictive 

probability (as indicated by their coefficients) and the impact of Internet Users was actually 

negatively correlated to internal instability which warrants further research.  

The model did shed important light on the work of other scholars who found that (1) 

Unemployment, (2) GDP per capita, and (3) Population – were statistically significant and 

impacted the predictive probability of the model. However, this study did not find these three 

variables to be statistically significant nor did they have a major impact on the predictive 

probability of the model. These findings suggest that the economic indicators were not as 

important as political factors in instigating or preventing internal instability. Both Political 

Stability and Absence of Violence and Terrorism and Voice and Accountability were statistically 

significant and impacted the predictive probability of the model. This indicates that political 

factors were more significant to internal instability during the Arab Spring than were economic 

indicators. The unique nature of regimes in the region could play a role. The vast major were, 

and continue to be, authoritarian regimes or monarchies. These regimes limit political rights and 

personal freedoms. Economically, many nations in the Gulf are incredibly wealthy because of 

natural resource exploitation. However, the depth and duration of political oppression is perhaps 

more to blame for the uprisings during the Arab Spring than the desire for greater economic 

opportunities. However, the fact that better Voice and Accountability of a government had a 

negative correlation with regime stability indicates that further research must be done in order to 

better understand the impact of government responsiveness and freedom of expression on 

internal instability.  

 At both the 0.5 and 0.45 thresholds, the model was more effective at accurately 

predicting internal conflict than previous models have proven to be. At the 0.45 threshold, the 

model correctly predicted almost half of all periods of internal conflict. While this is not as 

accurate as governments, NGOs, and academia would like, it does provide a foundation for 

further research when there are greater data on periods of internal instability during this time of 

increasing access to and use of technology.  
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 While this model is a preliminary study of the impact of technology on internal 

instability, it nonetheless sheds light on the changing nature of internal instability and the 

importance of changing models to fit the times. We have entered a period of incredible 

technological advancement, proliferation, and access. Nations are highly interconnected and 

news and information travels around the world in seconds. Future models must address the 

importance of technology on internal instability if they wish to remain relevant and provide new 

insights into this vital area of study.  
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