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  المجتمع بأستخدام اسلوب تقدير المساحات الصغيرة معلماتتقدير

) دراسة حالة بحث القوى العاملة(   
 

       ٌاسمٌن اٌراهٌم **                                              *       السٌد  راوٌة وجٌه عبد المجٌد

 المستخلص:-
اٌؾبعخ ٌلإؽظبءاد اٌّزؼٍمخ ثبٌّٛالغ اٌغغشاف١خ اٌظغ١شح ، ؽ١ش رىْٛ اٌج١بٔبد ػؼ١فخ عذا ٌذػُ ٘زا صادد 

إٌٛع ِٓ ؽشق رمذ٠ش اٌم١بع١خ اٌّغزخذِخ ػبدح ػٍٝ اٌّغزٜٛ اٌٛؽٕٟ. ٚرغزخذَ الإؽظبءاد اٌشع١ّخ "ِٕطمخ 

رمذ٠شاد  ؽ١ش اْ شٜطغ١شح" ثشىً سٚر١ٕٟ ٌّغّٛػخ ِزٕٛػخ ِٓ الأغشاع فٝ ِغّٛػخ ِٓ اٌذٚي الاخ

ِٓ رمذ٠شاد اٌّغؼ ِجبششح  رم١ٕبد الإؽظبءاد اٌغذ٠ذح اٌزٟ رىْٛ اوضش دلٗ ثٛاعطخ اٌّغبؽخ اٌظغ١شح رٕزظ

 اٌّغبػذح ِٓ اٌزؼذاد ٚ ٕٚ٘بن رم١ٕبد ٌؾغبة رمذ٠شاد ِغبؽخ طغ١شح رغّغ ث١ٓ اعزخذاَ ِظبدس اٌج١بٔبد

اٌؾظٛي ػٍٝ  ٌّغزٜٛ عغشاف١ب أوضش رفظ١لا ِّب ٠ّىٓلإٔزبط رمذ٠شاد  اٌغغلاد الاداس٠خ ث١بٔبد اٌّغؼ ٚ

رم١١ُ  فٝ  رمذ٠شاد اٌّغبؽبد اٌظغ١شح ؽ١ش رغزخذَ، رمذ٠شاد دل١مٗ ثبلاػزّبد ػٍٝ ِظبدس اٌج١بٔبد الاداس٠خ

ٔؾٛ ٚاٌغؼٝ  ِغزٜٛ اٌفمش ٌٍذٚي، ٚٚػغ اٌغ١بعبد اٌؼبِخ، ٚرخظ١ض الأِٛاي فٟ اٌجشاِظ اٌؾى١ِٛخ اٌّخزٍفٗ

اٌطٍت ػٍٝ الإؽظبءاد ِغزٜٛ ِٕطمخ طغ١شح  ِٚٓ اٌٛاػؼ أْ ؼً ِٓ لجً اٌؾىِٛخ اٌّؾ١ٍخرمذ٠ُ خذِبد أف

ِٚٓ ٕ٘ب وبٔذ اٌؾبعخ اٌٝ رمذ٠ش ِؼذلاد اٌجطبٌخ ػٍٝ ِغزٜٛ اٌش١بخخ /  ٠زضا٠ذ (اٌّؾبفظخثذلا ِٓ  اٌش١بخخ )

ِغزٜٛ عغشافٝ ٌّؼذلاد ف ٘ٛ رٛافش ث١بٔبد ػٍٝ الً ذٚاٌٙ ّٙٛس٠خغاٌمش٠خ ثذلا ِٓ ِغزٜٛ اٌّؾبفظخ اٚ اٌ

ٔبد اٌزؼذاد ؽ١ش اٌزظ١ٕف اٌغ١ذ ٠زُ ِٓ خلاي اعئٍخ باٌجطبٌخ فٝ ظً عٛء اٌزظ١ٕف اٌغ١ذٌٍؾبٌخ اٌؼ١ٍّخ فٝ ث١

ثؾش اٌمٜٛ اٌؼبٍِخ ٚ ٘ٝ رؼبٌظ اٌمظٛس فٝ اعئٍخ اٌؾبٌخ اٌؼ١ٍّخ ثبٌٕغجخ ٌٍزؼذاد ٌٚىٓ لا٠زُ رٛافش رمذ٠شاد دل١مخ 

د اٌغغشاف١خ اٌظغشٜ ِٓ ثؾش اٌمٜٛ اٌؼبٍِخ ػٍٝ اٌشغُ ِٓ اعئٍخ اٌجؾش ٌّؼذلاد اٌجطبٌخ ػٍٝ اٌّغز٠ٛب

ش ؽغُ اٌؼ١ٕخ ػٕذ ٘زا اٌّغزٜٛ اٌغغشافٝ ِّب ٠ٕزظ رمذ٠شاد غ١ش ظغالاوضش رفظ١لاً ٌٍؾبٌخ اٌؼ١ٍّخ ٚرٌه ٌ

 ِٛصٛق ثٙب ٌٚزٌه رُ رؼ٠ٛغ رٌه ثبلأعزؼبٔخ ثخظبئض اٌزؼذاد ٌٙزٖ اٌّغز٠ٛبد اٌغغشاف١خ اٌظغ١شح ٌزؼ٠ٛغ

 Small Area Estimation (SAE) طغش ؽغُ اٌؼ١ٕخ ٚ اٌؾظٛي ػٍٝ رمذ٠شاد ٌٍّغبؽبد اٌظغ١شح

ٚ اٌزطج١ك ػٍٝ ثؼؼُٙ ٚ اٌّمبسٔخ ث١ُٕٙ   SAEوّب عٛف ٠زُ اٌزؼشع اٌٝ اعب١ٌت رمذ٠ش  ِٛصٛق ثٙب 

 Labor Forceٜٛ اٌّؾبفظخ ِٓ ثؾش اٌمٜٛ اٌؼبٍٍِّٗمبسٔخ ث١ٓ ِؼذلاد اٌجطبٌخ ػٍٝ ِغز؛ثبلأػبفخ ٌ

Survey ((LFS /اٌمش٠خ ثؤعزخذاَ ؽشق  ٚرغ١ّغ اٌزمذ٠شاد ػٍٝ ِغزٜٛ اٌش١بخخSAE   ِٓ ٚرٌه ٌٍزؤوذ

وفبءح ٘زٖ اٌّمذساد ٚاٌزٝ رؼزّذ ػٍٝ اٌج١بٔبد اٌّزبؽخ ِٓ وً ِٓ ثؾش اٌمٜٛ اٌؼبٍِخ اٌزٝ رؼشع خظبئض 

ِٚذٜ الاػزّبد ػ١ٍٙب فٝ ارخبر  اٌؼ١ٍّخ() ِٓ ؽ١ش اٌؾبٌخ اٌّغزغ١ٍٓ ٚ اٌّزؼط١ٍٓ ثبلأػبفخ اٌٝ ث١بٔبد اٌزؼذاد 

 ِذٜ اٌفغٛح ث١ٓ اٌّشزغ١ٍٓ ٚ اٌّزؼط١ٍٓ فٝ اٌزغٍغً اٌٙشِٝ اٌغغشافٝ ٌٍٚزؼشف  اٌمشاساد ٚسعُ اٌغ١بعبد

اٌجؾش ِٓ رمذ٠شاد  ػشع ٘زاؽبٌخ ٘بِخ رؤصش ػٍٝ اٌغ١بعبد اٌم١ِٛخ ِٚذٜ ٚعٛف رؼشع ٘زٖ اٌٛسلٗ 

اٚاٌمش٠خ ٚ٘ٛ اٌّغزٜٛ اٌزٜ ٠غجك اطغش ِغزٜٛ عغشافٝ ِٚذٜ رؤص١ش ّؼذي اٌجطبٌخ ػٍٝ ِغزٜٛ اٌش١بخخ ٌ

رٌه فٝ ِؼبٌغخ ِشىٍخ اٌجطبٌخ ثظٛسح اوضش دلٗ ٚ رفظ١لا ٌٍٛطٛي اٌٝ الاعجبة اٌغٛ٘ش٠خ ٚاٌزفظ١ٍ١خ  

ٚثؾش  2336ٌٍّشىٍخ ِٓ خلاي اٌٛطٛي اٌٝ اطغش ِغزٜٛ عغشافٝ ثبٌزطج١ك ػٍٝ ث١بٔبد رؼذاد اٌغىبْ ٌؼبَ 

ِؾبفظخ ِّضٍخ ٌخظبئض اٌغّٙٛس٠خ اٌٝ ؽذ  ٌىٛٔٙب ٚاٌزطج١ك ػٍٝ ِؾبفظخ اٌم١ٍٛث١خ ٍخ ٌٕفظ اٌؼبَاٌمٜٛ اٌؼبِ

ؼىظ اٌٛػغ اٌشا٘ٓ ٌغٛق اٌؼًّ ر . ٚاٌزٝ ِٚؾبٌٚخ سعُ اٌغ١بعبد ٌّٛاعٙخ ٘زٖ اٌظب٘شح اٌم١ِٛخ وج١ش

غ١بعبد ِٓ اٌغٙبد اٌّظشٜ ػٕذ اطغش ِغزٜٛ عغشافٝ ٚ و١ف١خ ِؼبٌغخ ِشىٍخ اٌجطبٌخ ٚاٌّغبػذٖ فٝ سعُ اٌ

 حلها. والمساهمة فى اٌّؼ١ٕخ ثبٌٛطٛي اٌٝ الً ِغزٜٛ عغشافٝ ٠ؼىظ ؽج١ؼخ اٌّشىٍخ

 
 *راوية وجية عبد المجيد  ـــ باحث إحصائى ثالث بالجهاز المركزى للتعبئة العامة والإحصاء

  ** ياسمين ابراهيم _ مدرس احصاء بمعهد الدراسات والبحوث الإحصائية
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 اولاً:مقدمة:

 ؽظبءاد اٌشع١ّخ ٌٍّغبػذح فٟ رخط١ؾ ِٚزبثؼخ ِششٚػبد اٌز١ّٕخ أطجؾذ أوضش ا١ّ٘خ الإاٌؾبعخ إٌٝ  

 اٚ اؽز١بعب ، وّب اْ اٌذٚي ارغٙذ ٔؾٛ رمذ٠ُ خذِبد أفؼً ِٓ لجً اٌؾىِٛخ اٌّؾ١ٍخ. ٚ٘ٛ اٌٛاػؼ فٝ

 ثٛاعطخ رٕزظذ٠شاد اٌّغبؽخ اٌظغ١شح رمٚاٌطٍت ػٍٝ الإؽظبءاد ػٍٝ ِغزٜٛ ِٕطمخ طغ١شح  ص٠بدح 

ِٓ رمذ٠شاد اٌّغؼ ِجبششح ٕٚ٘بن رم١ٕبد ٌؾغبة  رم١ٕبد الإؽظبءاد اٌغذ٠ذح اٌزٟ رىْٛ اوضش دلٗ

 ث١بٔبد اٌّغؼ ٚ اٌّغبػذح ِٓ اٌزؼذاد ٚ رمذ٠شاد ِغبؽخ طغ١شح رغّغ ث١ٓ اعزخذاَ ِظبدس اٌج١بٔبد

اٌؾظٛي ػٍٝ رمذ٠شاد  لإٔزبط رمذ٠شاد ٌّغزٜٛ عغشاف١ب أوضش رفظ١لا ِّب ٠ّىٓ اٌغغلاد الاداس٠خ

 اطجؾذ -ارخبر فٝ   دػُ اٌزخط١ؾ ػٍٝ ٠غبػذِّب اٌج١بٔبد الاداس٠خ ِظبدس دل١مٗ ثبلاػزّبد ػٍٝ 

عذا  ػؼ١فخ، ؽ١ش رىْٛ اٌج١بٔبد رضا٠ذاً اوضش اٌظغ١شح ٌؾبعخ  ٌلإؽظبءاد اٌّزؼٍمخ ثبٌّٛالغ اٌغغشاف١خا

الإؽظبءاد اٌٛؽٕٟ. ٚرغزخذَ  ػٍٝ اٌّغزٜٛزمذ٠ش اٌم١بع١خ اٌّغزخذِخ ػبدح اٌٌذػُ ٘زا إٌٛع ِٓ ؽشق 

فٝ ِغّٛػخ ِٓ اٌذٚي  "ِٕطمخ طغ١شح" ثشىً سٚر١ٕٟ ٌّغّٛػخ ِزٕٛػخ ِٓ الأغشاعاٌشع١ّخ 

، ٚٚػغ اٌغ١بعبد اٌؼبِخ ٚرخظ١ض الأِٛاي فٟ ٌٍذٚي خ، ثّب فٟ رٌه رم١١ُ اٌشفبٖ الالزظبد٠الاخشٜ 

اٌزطٛس اٌغش٠غ ٌّٕٙغ١خ اٌّغؼ ٚاٌٛوبلاد اٌؾى١ِٛخ اٌّخزٍفخ  ٚرٌه فٝ ظً اٌجشاِظ اٌؾى١ِٛخ اٌّخزٍفخ

زؼذاد لإٔزبط إؽظبءاد اٌٚاعزىشبف ٚعبئً اٌغّغ ث١ٓ ث١بٔبد اٌّغؼ اٌٛؽٕٟ ِغ اٌغغلاد الإداس٠خ ٚ

 ِغبؽخ طغ١شح ٠ّىٓ الاػزّبد ػ١ٍٙب

مذ٠ش ػٍٝ اٌّغبؽخ اٌظغ١شح عٛف ٠زُ ػشع ٘زا الاعٍٛة ِٓ اٌز ٌزمذ٠شاد*ِٓ الا١ّ٘خ اٌّزضا٠ذح  

رمذ٠شاد ٌّشىٍخ اٌجطبٌخ ِٓ خلاي اٌجؾش  ا٘ز ػشعاٌم١ِٛخ ِٚذٜ ؽبٌخ ٘بِخ رؤصش ػٍٝ اٌغ١بعبد 

ػٍٝ ِغزٜٛ اٌش١بخخ اٚاٌمش٠خ ٚ٘ٛ اٌّغزٜٛ اٌزٜ ٠غجك اطغش ِغزٜٛ عغشافٝ ػٍٝ ِؼذي اٌجطبٌخ 

ٛسح اوضش دلٗ ِٚذٜ رؤص١ش رٌه فٝ ِؼبٌغخ ِشىٍخ اٌجطبٌخ ثظِغزٜٛ اٌغّٙٛس٠خ ٚ٘ٝ اٌمطؼخ اٌّغبؽ١خ 

طغش ِغزٜٛ أٚ رفظ١لا ٌٍٛطٛي اٌٝ الاعجبة اٌغٛ٘ش٠خ ٚاٌزفظ١ٍ١خ  ٌٍّشىٍخ ِٓ خلاي اٌٛطٛي اٌٝ 

٠ش ِؼذي اٌجطبٌخ ػٍٝ ٠زُ ثزمذ عٙخ ٘زٖ اٌظب٘شح اٌم١ِٛخ ٚرٌهعغشافٝ ِٚؾبٌٚخ سعُ اٌغ١بعبد ٌّٛا

رؼىظ اٌٝ ؽذ ِغزٜٛ اٌش١بخخ)ؽؼش(/ اٌمش٠خ)س٠ف( ٌّؾبفظخ اٌم١ٍٛث١خ )فٝ وٛٔٙب ِؾبفظخ 

  2336 ٚ رؼذاد ػبَ 2336ِٓ ثؾش اٌمٜٛ اٌؼبٍِخ ٌؼبَ ٚرٌه   خظبئض اٌّغزّغ اٌّظشٜ(وج١ش

ؽ١ش طغش ؽغُ اٌؼ١ٕخ  ِغؼ اٌمٜٛ اٌؼبٍِخ ػٍٝ ٘زا اٌّغزٜٛ اٌغغشافٝػ١ٕخ ثبٌشغُ ِٓ طغش ؽغُ 

٠ٚزُ ِؼبٌغخ ٘زٖ اٌّشىٍخ ِٓ خلاي اٌج١بٔبد اٌّغبػذح اٌزٝ ٠زُ اٌؾظٛي ػ١ٍٙب ِٓ  لا٠ٛفش رمذ٠شاد دل١مخ

اٌّغبؽخ اٌظغ١شح فٝ ٘زا اٌجؾش ث١ٓ  رمذ٠ش ٠ٚزُ ػًّ ِمبسٔخ ث١ٓ اعب١ٌت( 2336ث١بٔبد اٌزؼذاد )رؼذاد 

ٚ  ذح()ؽش٠مخ إٌّطمخ اٌٛاعؼخ ثذْٚ اعزخذاَ ث١بٔبد ِغبػ اٌزمذ٠ش اٌّجبشش ٌٍّغبؽبد اٌظغ١شحاعٍٛة 

ِٚمبسٔخ  ثؤعزخذاَ اعٍٛة الأؾذاس اٌٍٛع١غزٝ اٌّزؼذد(ػٍٝ ِغزٜٛ اٌٛؽذح  اٌزمذ٠ش غ١ش اٌّجبشش )

اٌزمذ٠ش ٌٍٛطٛي اٌٝ اٌّغزٜٛ اٌغغشافٝ اٌّزٛافش ٌٗ ب١ٌت ث١ٓ اعٍٛثٝ اٌزمذ٠ش ٚػًّ رغ١ّغ لاعإٌزبئظ 

،  ٚ اٌزؼذادٛرط اٌٍٛع١غزٝ( رط اٌزمذ٠ش)إٌّبٌؼىظ ِذٜ طؾخ ّٔإٌزبئظ ثبٌٕغجخ ٌّغؼ اٌمٜٛ اٌؼبٍِخ 

غخ ِشىٍخ ٚ٘زا ٠ؼىظ اٌٛػغ اٌشا٘ٓ ٌغٛق اٌؼًّ اٌّظشٜ ػٕذ اطغش ِغزٜٛ عغشافٝ ٚ و١ف١خ ِؼبٌ

اٌجطبٌخ ٚاٌّغبػذٖ فٝ سعُ اٌغ١بعبد ِٓ اٌغٙبد اٌّؼ١ٕخ ثبٌٛطٛي اٌٝ الً ِغزٜٛ عغشافٝ ٠ؼىظ 

 والمساهمة فى حلها. ؽج١ؼخ اٌّشىٍخ
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ثانٌاً: اهمٌة المشكلة موضوع البحث والتعارٌف المستخدمه: تعرٌف المساحات الصغٌرة – القوى البشرٌة -  
هذه التعارٌف صادرة عن الأمم المتحدة وخاصة منظمة العمل الدولٌة ) المتعطلً –المستغلٌن  –قوة العمل 

).  
  اٌمٜٛ اٌجشش٠خ:

 رشًّ اٌمٜٛ اٌجشش٠خ ع١ّغ اٌغىبْ ػذا:   

  ِٓ ًعٕٛاد. 6طغبس اٌغٓ أل 

  عٕخ فؤوضش ٚلا ٠ؼٍّْٛ ٚلا ٠شغجْٛ فٝ اٌؼًّ ٚلا ٠جؾضْٛ ػٕٗ ) ِغ١ٕٓ (. 65الأفشاد 

  .) اٌّظبة ثؼغض وٍٝ ) غ١ش لبدس ػٍٝ اٌؼًّ ثظفخ دائّخ 

 ٚرّضً ٘زٖ اٌفئبد ِغزّؼخ ِب ٠ؼشف ثبٌغىبْ خبسط اٌمٜٛ اٌجشش٠خ.        

 رٕمغُ اٌمٜٛ اٌجشش٠خ إٌٝ: 

  الأفشاد داخً لٛح اٌؼًّ : -أ    

عٕخ فؤوضش ( ٠ٚغبّْ٘ٛ فؼلاً ثّغٙٛدارُٙ اٌغغّب١ٔخ أٚ اٌؼم١ٍخ فـٟ أٞ  15رشًّ ع١ّغ الأفشاد ) 

ٔشبؽ إلزظبدٜ ٠زظً ثئٔزبط اٌغٍغ ٚاٌخذِبد )اٌّشزغٍْٛ ( ٚوزٌه اٌز٠ٓ ٠مذسْٚ ػٍٝ أداء ِضً 

 ٘زا إٌشبؽ الإلزظبدٜ ٠ٚشغجْٛ ف١ٗ ٠ٚجؾضْٛ ػٕٗ ٌٚىُٕٙ لا ٠غذٚٔٗ ) اٌّزؼطٍْٛ (.

 اٌّشزغٍْٛ: (1)

عٕخ فؤوضش ( اٌز٠ٓ ٠ضاٌْٚٛ أػّبلاً ثؤٞ ِٓ الأٔشطخ الإلزظبد٠خ ٌجؼغ  15ُ٘ الأفشاد ) 

اٌـٛلذ ) ػٍٝ الألً عبػخ ( خلاي فزشح الإعٕبد اٌمظ١شح ٌٍجؾش ) أعجٛع ( عٛاء داخً 

 إٌّشآد أٚ خبسعٙب. 

سعزٗ ؽٛاي فزشح ٚ ٠ؼزجش فٝ ؽىُ اٌّشزغ١ٍٓ الأفشاد اٌّشرجطْٛ ثؼًّ ٌُٚ ٠زّىٕٛا ِٓ ِّب

اٌجؾش ثغجت اٌّشع أٚ الإطبثخ أٚ الأعبصح الاػز١بد٠خ أٚ ِٕؾخ رذس٠ج١خ أٚ دساع١خ أٚ ٌٕضاع 

ػّبٌٟ أٚ ٌؼذَ أزظبَ اٌؼًّ فٝ إٌّشؤح لأعجبة ِؤلزخ أٚ لأعجبة رشعغ ٌطج١ؼخ اٌؼًّ فٝ 

ح ثذْٚ ثؼغ الأٔشطخ ٚإعزضٕبءاً ِٓ رٌه لا ٠ؼزجش اٌفشد اٌّشرجؾ ثؼًّ ٚاٌؾبطً ػٍٝ أعبص

 ِشرت ٌّذح ػبَ فؤوضش ِشزغلاً ؽبٌّب ٌُ ٠ضاٚي ػّلاً آخش خلاي فزشح اٌّغؼ.

 :اٌّزؼطٍْٛ (2)

عٕخ ( اٌز٠ٓ ٠مـذسْٚ ػٍٝ اٌؼّـً ٠ٚشغـجْٛ ف١ٗ ٠ٚجؾضـْٛ ػٕٗ  64-15٘ـُ الأفـشاد فٝ عٓ ) 

ػّـً ٌٚىـُٕٙ لا ٠غذٚٔٗ ٠ٚؼزجش اٌفشد ِزؼـطلاً خلاي أعجـٛع اٌجؾـش ٌٚٛ وبْ لذ رؼبلـذ ػٍٝ 

ٚؽذد ٌزغٍّٗ ربس٠خ لاؽك لأعجٛع اٌجؾش، ٠ٚذخً ػّٓ اٌّزؼــط١ٍٓ اٌّٛلـٛف ػٓ اٌؼّـً 

إ٠مبفبً ِـؤلزبً أٚ لأعـً غ١ش ِغّٝ ِب داَ ٠جؾش ػٓ ػّـً ٚلا ٠غذٖ ٚلا ٠زمبػٝ أعشاً أصٕبء 

 أعجٛع اٌجؾش ٠ٕٚمغُ اٌّزؼطٍْٛ إٌٝ:

 فزشح اٌجؾش ؽجمبً ٌٍزؼش٠ف اٌغبثك. ٌىٕٗ ٌُ ٠ىٓ ٠ؼًّ ؽٛاي  ِزؼطً لذ٠ُ ) عجك ٌٗ اٌؼًّ (  -

: ِضً اٌخش٠ظ  ) دثٍَٛ أٚ عبِؼخ ( اٌزٜ ٌُ ٠ٍزؾك ثؤٞ ِزؼطً ؽذ٠ش ) ٌُ ٠غجك ٌٗ اٌؼًّ (  -

 ػًّ ثؼذ.

  
 :تقدٌرالمساحات الصغٌرةأهمٌة  

ز٠ًّٛ / اٌزم١١ُ أٚ اٌّؾ١ٍخ  فٟ ثشاِظ اٌؾى١ِٛخ ا١ٌٌٙئبد ا طغ١شح ٘بِخ ٌّغبػذحرمذ٠شاد ِغبؽخ 

ِؾذدح ٌّغبػذرُٙ فٟ ارخبر لشاساد ِغز١ٕشح ثشؤْ و١ف١خ دل١مٗ اٌزخط١ؾ الإل١ٍّٟ اٌزٞ ٠زطٍت رمذ٠شاد 

ٚغبٌجب ِب رغزخذَ رمذ٠شاد ِغبؽخ طغ١شح ِٓ  .رخظ١ض اٌّٛاسد أٚ ؽٍت ٌٍؾظٛي ػٍٝ ِٛاسد إػبف١خ

ِٕطمخ ػٓ دْٚ ِؼٍِٛبد  ٚ بر٠ٍّٛٙ ٚ و١ف١خ لجً ِغؤٌٟٚ اٌجشٔبِظ ٌزؾذ٠ذ أٚ ل١بط اٌّخظظبد

 ٠غذْٚ طؼٛثخ فٟ رم١١ُ اٌؾبعخ اٌفؼ١ٍخ ٌٍغٍغ ٚاٌخذِبد فٟ وً ِٕطمخ ٚرمذ٠شاد اٌّغبؽخفؤُٔٙ  طغ١شح
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ِّب ٠غؼً اٌطٍت اٌؾىِٛخ اٌّؾ١ٍخ ٌٍج١بٔبد ّٕبؽك اٌظغ١شح اٌ اٌظغ١شح رمذَ ِؼٍِٛبد ِفظٍخ ػٓ 

  اددض٠ِٕطمخ طغ١شح لذ 

ٍّغزخذَ ٚوزٌه أ٠خ ث١بٔبد ثذ٠ٍخ ٌرمذ٠شاد اٌّغبؽخ اٌظغ١شح رٕزظ ػٕذِب ٠ىْٛ ٕ٘بن ؽٍت لٛٞ ِٚجشس 

ِغؼ  ث١بٔبد ػٍٝ ِغزٜٛ ِٕطمخ طغ١شح ِٓ شؤٔٙب أْ رخذَ اٌغشع اٌّطٍٛة. ٠ٚغت أْ ٠ىْٛ ٕ٘بن

ٌزمذ٠ش. ٌزٕبعت اٌغشع ِٓ أٛػ١خ  ع١ذٖ ٚث١بٔبد إػبف١خ ٌٍزؤوذ ِٓ أْ اٌّخشعبد عزىْٛ راد  وبف١خ

ؼّبْ اٌؾبعخ إٌٝ رمذ٠شاد ِٛصٛلخ ٌّٕبؽك طغ١شح ٚإٌٙظ ٌؽج١ؼخ ٚخظبئض اٌّشىٍخ ٚلاثذ دساعخ 

ؼ١ٕخ اٌؼبد٠خ لا اٌؽ١ش اْ اٌزم١ٍذٞ ٌٍزمذ٠ش اٌغىبْ داخً اٌّغبي الإؽظبئٟ ِٓ اٌذلخ فٟ ػ١ٍّبد اٌّغؼ 

ي لاعزذلاٌّزغ١ش ِؾً الا٘زّبَ  اٌغىبْ  ِغّٛػخ ِٓ ٠ّىٓ أْ رٛفش ث١بٔبد وبف١خ ػٓ ِٕبؽك طغ١شح أٚ

فٟ وض١ش ِٓ  ثغجت رىب١ٌفٗ اٌجب٘ظخ ٔبؽ١خ أخشٜ، لا ٠ّىٓ إعشاء ػ١ٍّخ اٌزؼذاد ِٚٓ. ع١ذ  ؽظبئٟإ

اٌظٛا٘ش اٌذ٠ٕب١ِى١خ ِضً اٌزٛظ١ف ٚاٌجطبٌخ. ِٚغ  فٝ اٌزغ١شادّٔؾ الأؽ١بْ ٌٍؾظٛي ػٍٝ ث١بٔبد ٌشطذ 

ج١ً اٌّضبي، ٚاٌغّغ ث١ٓ ثؼغ ث١بٔبد اٌّغؼ ِغ رٌه، ٕ٘بن ػذح ؽشق أخشٜ ٠ّىٓ اعزخذاِٙب، ػٍٝ ع

. ٚلذ رُ رط٠ٛش ػذد ِٓ اٌزم١ٕبد ٌزمذ٠ش الاداس٠خ ، الإؽبساد أٚ اٌغغلادٌٕزبئظ اٌزؼذاد  حأؽذس إؽظبء

 ، وّب اْ إؽظبءاد ِغبؽخ طغ١شح ِٓ أعً الاعزغبثخ ٌزضا٠ذ اعزخذاَ رمذ٠شاد ِغبؽخ طغ١شح ٌٍزخط١ؾ 
 )أٞ رمذ٠ش اٌّغبي اٌّجبشش اٌزمذ٠شغبؽخ اٌظغ١شح ِضً اٌزؼشف ػٍٝ أعب١ٌت اٌزم١ٕبد اٌّزؼٍمخ ثزمذ٠ش اٌّ

الأعب١ٌت اٌمبئّخ  ّٔٛرطاٚ غ١ش اٌّجبشش )رمذ٠ش ِشوت(،  / اٌّغبي(، ٚأعب١ٌت رمذ٠ش ٔطبقّغؼاٌ ِغبي

 Rao (2003a) and Longford (2005a)ِغزٜٛ إٌّطمخ أٚ ػٍٝ ِغزٜٛ ٚؽذح(  ّٔبرط )
 

 :العاملةاهمٌة احصاءات القوى  
٠ّضً اٌؼٕظش اٌجششٜ لٛح اٌؼًّ اٌزٝ رّبسط وبفخ الأٔشطخ اٌخذ١ِخ ٚالإٔزبع١خ ٚالإعزٙلاو١خ فٝ 

اٌّغزّغ ، ِٓ ٕ٘ب رؤرٝ أ١ّ٘خ الإؽظبءاد ٚاٌذساعبد اٌّزؼٍمخ ثّٕٛ ٚرشو١ت ٚرٛص٠ــغ اٌمـــــٜٛ 

 اٌجشش٠ــخ ٚلٛح اٌؼّـــً ثّخزٍــــف أٔٛاػٙب ٚخظبئظٙب.

ل١بط اٌفمش ٚػذَ اٌّغبٚاح رغزخذَ ِؤششاد ٔغج١خ ِخزٍفخ ث١ٓ إٌبط فٝ  اٌؼًّ عٛقإؽظبءاد أ١ّ٘خ 

ٚروش أْ ٠شرجؾ اٌفمش ثشىً ٚص١ك ِغ اٌجطبٌخ. ػذَ ٚعٛد ٚظ١فخ ٠زٛط  .وّم١بط ثذ٠ً ٌّغزٜٛ اٌّؼ١شخ

فٟ ٔمض اٌذخً ِٓ الأعٛس ٚاٌؾذ ِٓ اٌّٛاسد الأعبع١خ. ٠ّٚىٓ أ٠ؼب أْ رغزخذَ ِؤششاد اٌجطبٌخ إٌٝ 

الاعزّبػٟ فٟ ر١ّٕخ اٌغىبْ. فٟ اعزغبثخ ٌلاؽز١بعبد اٌّزضا٠ذح ٌشطذ عٛق  الإوزفبءذ ِغزٜٛ رؾذ٠

وغضء ِٓ اٌّغٛػ الأعش٠خ ٌٙب، ِٓ أعً  2336اٌؼًّ، ٚالأ٠ٌٛٚخ ِغٛػ اٌمٜٛ اٌؼبٍِخ ِٕز ػبَ 

٠شاد ٠مذَ رمذ (LFS) اٌمٜٛ اٌؼبٍِخ ِٚغؼاٌؾظٛي ػٍٝ رمذ٠شاد أوضش دلخ ٌّغز٠ٛبد اٌؼّبٌخ ٚاٌجطبٌخ.

أْ رٛفش  اٌّغؼ  لا ٠ّىٓ ٌٍج١بٔبدٚلأػذاد ٚٔغت اٌؼبؽ١ٍٓ ػٓ اٌؼًّ ػٍٝ اٌّغزٜٛ اٌٛؽٕٟ ٚالإل١ٍّٟ. 

لأٔٗ ٌُ ٠زُ عؾت ِفشداد اٌؼ١ٕخ ٌزىْٛ  ()ش١بخخ / لش٠خ  ػٍٝ ِغزٜٛرمذ٠شاد ِٛصٛلخ أٚ دل١مخ ٌٍجطبٌخ 

٠شاد دل١مخ ٌّؾبٌٚخ ٌزمذ٠ش ِّضٍخ ػٍٝ ٘زا اٌّغزٜٛ ٚؽغُ اٌؼ١ٕخ ١ٌغذ وج١شح ثّب ٠ىفٟ لإػطبء رمذ

دل١مخ وّب لذَ رمذ٠شاد غ١ش  2336ثبعزخذاَ ث١بٔبد رؼذاد ػبَ  رٌهاٌجطبٌخ ػٍٝ اٌّغز٠ٛبد اٌٛؽ١ٕخ ٚ

 .ِٓ اٌجطبٌخ، ثغجت أٚعٗ اٌمظٛس فٟ رظ١ُّ لأعئٍخ اٌزؼذاد فٟ ؽبٌخ اٌمٜٛ اٌؼبٍِخ ثذسعخ وبف١خ

 

 حدود دقة بحث القوى العاملة: 
رمبط  اٌزٝ اٌجطبٌخ . ٚلذِذ ارغب٘بد ِٚغز٠ٛبد2336ِٕز ػبَ وّغؼ اعشٜ  ٚلذ أدسعذ ل١بط اٌجطبٌخ 

ػبف١خ ػشٚس٠خ ػٕذ ِمبسٔخ إٌزبئظ ِٓ الإ اٌخظبئض. ِٚٓ اٌُّٙ أْ ٔلاؽع أْ ثؼغ  ِٓ أفشاد الأعشح

الاعزج١بٔبد  عاٌمذ اعزّش اعزؼش ) الاعٍٛة اٌززجؼٝ( فٝ ِغٛػ اٌمٜٛ اٌؼبٍِخ ٚ  الأعش اٌّزؼبلجخ

، ِغ اٌؾفبظ ػٍٝ اٌّفب١ُ٘ ٚاٌّؼب١٠ش اٌّؼزّذح د١ٌٚب. ٚفٟ ِمبسٔخ رّبِب ِٓ ا اٌّغؼ اٌّغزخذِخ فٟ ٘ز

اٌزٜ ٠غشٜ ِشح ع٠ٕٛب  2336ثؾش اٌمٜٛ اٌؼبٍِخ ( 2336ٚاٌج١بٔبد اٌّزبؽخ ِٓ رؼذاد اٌغىبْ )رؼذاد 

ِغزٜٛ اٌغّٙٛس٠خ صُ ٟ ِغبي رمذ٠ش ٠ّىٓ الاػزّبد ػ١ٍٙب ػٍٝ الألً فٌىٝ ،ٚلذ ثزٌذ رمذ٠شاد اٌّغؼ 
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عززُ اٌزمذ٠شاد  2336 اٌزؼذاد ػبَ إؽبس ثؼذ إػبدح إٌظش فٟ رظ١ُّ اٌؼ١ٕخ ػٍٝ أعبطِغزٜٛ الأل١ٍُ صُ  

أْ اٌج١بٔبد لا ٠ّىٓ أْ رغفش ػٓ رمذ٠شاد ِٛصٛلخ ِٓ اٌجطبٌخ لأغشاع ؛ ؽ١ش ػٍٝ ِغزٜٛ اٌّؾبفظخ 

٠زُ الاػزّبد ٌٚىٝ  ،اٌش١بخخ/ اٌمش٠خ ِضً  اٌّغزٙذفٗ ٌغ١بعخاٌزخط١ؾ فٟ ٚؽذح اٌٙذف الإداس٠خ ٌزٕف١ز ا

وّزغ١شاد ِغبػذح ِضً خظبئض اٌزؼذاد ٚ  ِظبدس أخشٜ ٌٍج١بٔبد ػٓ إؽظبءاد عٛق اٌؼًّػٍٝ 

ػٍٝ  ثؾش اٌمٜٛ اٌؼبٍِخ ٕ٘بن ؽٍت ِزضا٠ذ ػٍٝ رّذ٠ذ ل١بط اٌجطبٌخ ِٓ لجً ٌٚزٌه. اٌج١بٔبد الاداس٠خ 

 وّب اْ ثؾش اٌمٜٛ اٌؼبٍِخ ٠ٙذف إٌٝ :  اٌّطٍٛثخ . ط١بغخ اٌغ١بعبدالألً إٌٝ أدٔٝ ِغزٜٛ 

 .ل١بط ؽغُ لٛح اٌؼًّ اٌّظش٠خ اٌّذ١ٔخ داخً اٌذٌٚخ ٚخظبئظٙب اٌّخزٍفخ -1

 .ل١بط ِغزٜٛ اٌزشغ١ً ٚاٌزٛظف ثبٌّغزّغ ٚثبٌّٕبؽك اٌغغشاف١خ اٌّخزٍفخ ثبٌغّٙٛس٠خ -2

 ئض أّ٘ٙب :سطذ اٌزٛص٠غ اٌغغشافٟ ٌٍّشزغ١ٍٓ ٚفمبً ٌؼذد ِٓ اٌخظب -3

–اٌمطبع  –إٌشبؽ الإلزظبدٜ  –إٌّٙخ  –اٌؾبٌخ اٌؼ١ٍّخ  –اٌؾبٌخ اٌزؼ١ّ١ٍخ  –اٌغٓ  –) إٌٛع 

  .عبػبد اٌؼًّ ( –الاعزمشاس فٝ اٌؼًّ

   .ل١بط ِغزٜٛ اٌجطبٌخ ثبٌّٕبؽك اٌغغشاف١خ اٌّخزٍفخ ثبٌغّٙٛس٠خ -4

 سطذ اٌزٛص٠غ اٌغغشافٟ ٌٍّزؼط١ٍٓ ٚفمبً ٌٍخظبئض اٌزب١ٌخ :  -5

ٔٛع اٌزؼطً )عجك ٌٗ اٌؼًّ / ٌُ ٠غجك ٌٗ  –ِذح اٌزؼطً –اٌؾبٌخ اٌزؼ١ّ١ٍخ –اٌغٓ –ٕٛع )اٌ

  .إٌّٙخ ٚإٌشبؽ الإلزظبدٜ  ثبٌٕغجخ ٌٍّزؼطً اٌزٜ عجك ٌٗ اٌؼًّ(  -اٌؼًّ ( 

 

 لمعدلات البطالة: 2006فقر تقدٌرات التعداد  

 

ٌغىبْ  ٌٍخظبئض اٌذ٠ّٛغشاف١خأػطٝ رؾغ١ٓ اٌظٛسح اٌؼبِخ  2336ػٍٝ اٌشغُ ِٓ أْ رؼذاد ػبَ  

رغ١١شاد  اٌّغزّذح ِِٓٚظش، ٚوبٔذ اٌزمذ٠شاد إٌٙبئ١خ رخؼغ ٌٍزؼذ٠ً ٚفمب ٌٕطبلب ألً ِٓ اٌؾم١مٟ 

ػٕٙب رغ١شاد ؽف١فخ فٟ ؽش٠مخ  ٚاٌزٝ ٠ٕزظأعئٍخ فشص اٌؼًّ ثٙب وج١شح عذا فٟ اٌطش٠مخ اٌزٟ ط١غذ 

ِغ الأخز ثؼ١ٓ  2336عزج١بْ اٌزؼذاد ػبَ ؽغبة ِؼذي اٌجطبٌخ خلاي ٘زٖ اٌفزشح. ٚلذ رُ رظ١ُّ ا

بٔذ الأعئٍخ ِؾذٚدح ِٓ ؽ١ش اٌزؾم١ك ِٓ اٌّغزطٍؼ١ٓ رٌه وِٚغ ؛اٌخبطخ ثبٌؼًّظ١بغخ اٌالاػزجبس 

الزظبد٠ب أَ لا، ٕٚ٘بن ػذد وج١ش ِٓ اٌّغزجؼذ٠ٓ ِٓ اٌّشبسوخ فٟ عٛق اٌؼًّ  الأشطخٌزظ١ٕف رٍه 

ػٓ  ِبِخزٍفخ إٌٝ ؽذ  2336د اٌجطبٌخ ِٓ رؼذاد ػبَ لأُٔٙ رخٍٛا ػٓ اٌجؾش ػٓ ػًّ. ٚوبٔذ رمذ٠شا

الاخزلاف  ؽ١ش اْ  . ٚالزشػ ثؼغ اٌّؾبٚلاد ٌزؼذ٠ً اٌفشق 2336ثؾش اٌمٜٛ اٌؼبٍِخ رمذ٠شاد 

٠شعغ إٌٝ ٔزبئظ ِغؼ اٌمٜٛ اٌؼبٍِخ وٛٔٙب الاعزج١بْ فٟ اٌمٜٛ اٌؼبٍِخ ٌذ٠ٙب أوضش رفظ١لا ػٓ ؽبٌخ 

) ثؾش اٌمٜٛ   LFSخزلاف اٌزمذ٠شاد ِٓ اٌجطبٌخ ث١ٓ اٌزؼذاد ٚاٌؼًّ ِٓ ث١بٔبد اٌزؼذاد. ، فئْ ا

وج١شح لاعزخذاَ اٌّؼٍِٛبد الإػبف١خ ِٓ ِظبدس أخشٜ ٌٍزؾم١ك فٟ ِب اٌؾبعخ لذ رىْٛ ٕٚ٘ب  اٌؼبٍِخ(

 .لجٛلا اَ لاأوضش  ِؼذلاد اٌجطبٌخ إرا وبْ ٚػغ رمذ٠شاد

 

 : ًالهدف من البحث : ثالثا 

التحسٌنات الممكنة فً قٌاس البطالة باستخدام معلومات التعداد التطلع الى تهدف الدراسة إلى 
 وتدعٌمها ببحث القوى العاملة  للمنطقة الجغرافٌة المستهدفه الممثلة فى المنطقة الجغرافٌة الصغٌرة
والهدف من هذه الدراسة هو تقدٌر معدل البطالة فً منطقة جغرافٌة صغٌرة مع عٌنة صغٌرة الحجم 

مثل  2006المتغٌرات المساعدة من تعداد عام استخدام مع  لهذه المنطقة  املةفً مسح القوى الع
)وضع الجنسٌن( للحصول على تقدٌر موثوق بها مع صغر حجم العٌنة وتجمٌع هذه التقدٌرات 

القوى مسح مع تقدٌرات التعداد السكانً وومقارنتها الشٌاخه / القرٌة( )لمستوى جغرافً صغٌر 
لمحة عامة عن الطرق المختلفة لتقدٌر  الدراسة هذهعطً ت الوطنى حٌث المستوى علىالعاملة 
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على مساحة صغٌرة المقترحة فً هذا المجال، وٌحقق استخدام هذه الأسالٌب لتوفٌر تقدٌرات أفضل 
 .(الشٌاخة/ القرٌةمنطقة صغٌرة ) مستوى

وغٌرها من  LFS جمع المعلومات حول البطالة المقدرة من قبلاٌضاً الى الدراسة وتهدف 
تقدٌر المكانً لل، من أجل الحصول على تحسن البٌانات الادارٌةالمعلومات من بٌانات التعداد و

للبطالة فً المنطقة المستهدفة )الشٌاخه / القرٌة(. ولذلك فإن هذه الدراسة استكشاف القضاٌا 
دام بٌانات مسح القوى مجتمعة لتقدٌر البطالة، وذلك باستخ ةذج متكاملاالمنهجٌة الناشئة من نم

نموذج التعداد فً  فىالعاملة جنبا إلى جنب مع المتغٌرات الاجتماعٌة والاقتصادٌة الأخرى 
كل من المصادر الموثوق بها هً أقل نسبٌا من التقدٌر الحقٌقً المتوقع للمناطق ؛ حٌث ان الانحدار

وضعف القٌاس المباشر من البطالة على هذا المستوى   LFS فً قٌود عٌنة التصمٌم المحلٌة بسبب 
تقدٌر المساحات الصغٌرة متنوعة من  التعرض لطرق. وسٌتم 2006من خلال تعداد عام 

((SAE ،على الرغم من أن الدراسة ٌمكن استخدام البٌانات التً تم جمعها على مدى فترات مختلفة

ات الصغٌرة فً عام من البطالة للمساح دقٌق وحقٌقىوالهدف من ذلك هو الحصول على تقدٌر 
 التعرف على الحدود  وذلك2006التعداد العام للسكان لعام  و LFS 2006، وذلك باستخدام 2006

 :بعض من القضاٌا التً ٌتم التحقٌق فٌها هًوالمعلنة الجغراغٌة

 لتقٌٌم ما إذا كان من الممكن لتقدٌر معدل البطالة ضمن مستوٌات مختلفة من التسلسل ا
  .الهرمً الجغرافً

 أسالٌب هل SAE  .قادرة على تسفر عن تقدٌرات مقبولة 

  سوق العمل )على سبٌل المثال البطالة بٌن لإذا كان ٌتم الحفاظ على البٌانات الشخصٌة
( و اٌضا النوع سواء ذكر او انثى الشباب مقابل نسبة البطالة بٌن الفئات العمرٌة الأخرى

 .الاقلٌم / المحافظة(على مستوى المجالات التقلٌدٌة للتقدٌر )
 

  :ًمنهجٌة البحث:رابعا 
 معدل البطالةلتقدٌرات المساحة الصغٌرة  كٌفٌة تكوٌن نموذج ل: 
  (2006باستخدام بٌانات المسح )مسح القوى العاملة  المساحة الصغٌرةبناء نموذج    

  حسابSAE  (2006نموذج لبٌانات التعداد )المن خلال تطبٌق. 
  الخطأ للتقدٌرات .متوسط مربعات حساب  
  2006 تعداد السكان لى مناطق إتطبٌق نسب معدل البطالة المتوقع 
 تقدٌرات  نسب لضمان توافق مطابقةSAE   تقدٌرات المسح للمستوى المحلى.مع  

 

 :طرق تقدٌر المساحات الصغٌرة 

احتٌاجات وعلى الهدف المطلوب ختٌار طرٌقة لتقدٌر مساحة صغٌرة ٌعتمد إلى حد كبٌر ا
 على توافر على مختلف المستوٌات والتقدٌرات جودة البٌانات  وتتوقفالعملاء والبٌانات المتاحة

أحجام  تتوافر عادة إلى الصدارة عندماتأتى أحجام عٌنة كبٌرة وتقنٌات تقدٌر مساحة صغٌرة 
الخطأ ارتفاع مما أدى إلى تقدٌرات مباشرة مع  بالنسبة للمنطقة الصغٌرة العٌنات صغٌرة جدا

استخدام العلاقة بٌن على النماذج فً تقدٌر مساحة صغٌرة  تقومالمعٌاري بشكل غٌر مقبول. 
 تقدٌر غٌر متحٌزوفقا لمدى الاهتمام والمتغٌرات التفسٌرٌة للحصول على أفضل محلالسكان 

ر المتغٌر التابع والمستوى المطلوب من تقدٌتفسٌرتوافر المتغٌرات التفسٌرٌة التً تساعد على 
طبٌعة المتغٌر التابع )مستمر أو ثنائً(، ٌتم استخدام الجودة و منطقة(المساحة صغٌرة )الأسرة / 

 والهدف هو الحصول على إحصاءات وصفٌة لخصائص المناطق الصغٌرة.SAE.المطلوبة
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 )التقدٌرالمباشر(: طرق المساحات الصغٌرة البسٌطةاولا : 

 المقدر المباشر. 1-1

 بدون بٌانات مساعدة.مقدر المساحة الواسعة  1-2

 مقدر المساحة الواسعة بٌانات مساعدة. 1-3

 :)التقدٌر غٌر المباشر(طرق الانحدارثانٌاً:  

 التقدٌر على مستوى المنطقه. 2-1
 التقدٌر على مستوى الوحدة . 2-2

 :اولاً: طرق المساحات الصغٌرة البسٌطة

 :المقدر المباشر  1-1

من خلال  التً ٌتم الحصول علٌها التصمٌم التقلٌدى علىالقائم  المقدرات المباشرة هً التقدٌرات
(. Saei andChambers, 2003) منطقة صغٌرة فً كل العٌنة لوحدات مسحال أوزان تطبٌق

  على النطاق المحلى. فقط تقدٌرات موثوقة لتقدٌم المسوح عند تصمٌم
 :مقدر المساحة الواسعة بدون بٌانات مساعدة 1-2

طرق التقدٌر البسٌطة وهى تحسب من خلال تطبٌق معدل ما)مثل هى واحده من ابسط انواع 
معدل البطالة( للمنطقة الواسعة الذى تم الحصول علٌة من بٌانات المسح الى سكان المناطق 
الصغٌرة )بٌانات متاحة من تعداد السكان او التقدٌرات السكانٌة( ونجاح هذا المقدر ٌتوقف على 

 ا كبٌرة بالقدر الكافى للتقدٌر.اختٌار المنطقة الواسعة فى كونه
 ولحساب الوسط  الحسابى لمنطقة ما كما ٌلى : 

 ̂̅   ̂̅  
 ̂ 

 ̂ 

 

  وهى تحسب من اجمالى حجم العٌنة للمجتمع المستهدف rحٌث هو المقدر المباشر للمنطقة   ̅̂  حٌث

∑ ∑واجمالى حجم السكان     ̂           لكل فرد نحصل علٌة من البحث    و    ̂  =      

 .الشخص فى المجتمع المستهدف ٌحمل الصفة  محل الدراسةحٌث مؤشر لكون       و فى العٌنة
 
 

 :مقدر المساحة الواسعة بٌانات مساعدة 1-2

 ̂ 
   

 ∑
    ̂  

   

   
 

 

 فى المجتمع وفقا لخصائص المنطقة الواسعة  ةتمد على تقدٌر وفقا لمجموعة فرعٌوهذا التقدٌر ٌع 
 ان :حٌث 

  ̂  
   

 " v"  التقدٌر المباشر للطبقة الفرعٌة   

 iفى  المنطقة الصغٌرة  gٌمثل عدد السكان فى الفئة          

 rفى  المنطقةالواسعة   gٌمثل عدد السكان فى الفئة                  
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 ثانٌاً: طرق الانحدار: 

تقدٌرات اكثر دقة وفى ظل توافر بٌانات مساعدة هى تستخدم عندما ٌكون الغرض الحصول على 
وهى تستحدم عندما ٌكون هناك سهولة اكثر فى توضٌح العلاقة بٌن المتغٌرات واخذ ذلك   جٌدة

 والاختٌار بٌن اسالٌب الانحدار ٌعتمدعلى دقة التقدٌرات المتنبؤ بها و سهولة التنفٌذ  فى الحسبان

 .التقدٌر على مستوى المنطقه 2-1
ولا ٌظهر تأثرها على  ستخدم عندما تكون المتغٌرات المساعدة متاحة على مستوى المنطقةهى ت

 مستوى الفرد.
 

 ̂      
       

 حٌث ان :
 هى تمثل التقدٌر المباشر للمجتمع محل الاهتمام.   ̂  

    
 .هو ٌمثل متجة المتغٌرات المساعدة    

 اتى تؤثر على المتغٌر التابع .....(طأ) لتجاهل بعض المتغٌرات خٌمثل مقدار ال     
 . التقدٌر على مستوى الوحدة 2-2

حٌث ان  هى تستخدم العلاقة بٌن حالة الشخص الفردٌة والمتغٌرات على مستوى الشخص
 تكون متاحة لكل فرد فى المنطقة الصغٌرةالمتغٌرات المساعدة على مستوى الوحدة 

 

 ̂       
        

 حٌث ان :

 طأ) لتجاهل بعض المتغٌرات اتى تؤثر على المتغٌر التابع .....(خٌمثل مقدار ال     

 
 حٌث ان المساحة الصغٌرة ٌتم النظر الٌها فى كونها مجموعة سكانٌة خاصة مثل عدد الافراد

حٌث ان الفرد محل  التابع فى ذلك الوقت ٌكون متغٌر ثنائى حٌث ان المتغٌر ) المشتغلٌن( العاملٌن
وٌكون نموذج الانحدار فى ذلك الوقت هو الانحدار الاهتمام اما ٌكون ٌعمل او لا ٌعمل . 

لاٌحمل  0ٌحمل الصفة محل الدراسة او  1اللوجٌستى الثنائى حٌث ان صور المتغٌر التابع اما =
 وٌكون كما ٌلى : الصفة محل الدراسة

Ln (
   
 

     
 )=    

        

  

   ، i  الموجود فى المنطقة الصغٌرة  jتٌم  الطبٌعى لاحتمال الحدث للفرد وغارلتمثل ال Lnحٌث ان 
     ٛ٘

 ٚاٌزٝ رمذس ثبعزخذاَ داٌخ الاِىبْ الاػظُ. ٘ٛ ِؼٍّبد اٚ ِؼبِلاد الأؾذاس   ِزغخ اٌّزغ١شاد اٌّغزمٍٗ ٚ 

مقدر المساحة الواسعة بدون  بالاعتماد على اوزان المسح و طرق التقدٌر المباشر حساب وسوف ٌتم*
 بٌقوسوف ٌتم التط بٌانات مساعدة اما بالنسبة لطرق التقدٌر غٌر المباشرة )التقدٌر على مستوى الوحدة (

 .وٌتم ذلك بواسطة الباحث فى حساب معدل البطالة لشٌاخات وقرى محافظة القلٌوبٌة
رٌف والحضر ٌنقسم لمجموعة من الاقسام و الرٌف ٌنقسم لمجموعة كل محافظة هى عبارة عن حضر و) 

من المراكز و القسم ٌنقسم لمجموعة من الشٌاخات و على نفس المستوى الجغرافى المركز ٌنقسم لمجموعة 
له بطرٌقة المساحات الواسعة فى سوف ٌتم تقدٌر معدل البطالة  ذىالالمستوى الاقل جغرافٌا  وهذا القرىمن 
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و التقدٌر على مستوى الوحدة بأستخدام  كمقدرات مباشرةمباشرالمقدر والوجود متغٌرات مساعدة ظل عدم 
 .الانحدار اللوجٌستى كمقدر غٌر مباشر 

 
  :التطبٌق العملى للطرق المقدرات المختلفة و المقارنة بٌنهم 

      من خلال  التقدٌر المباشر  الوصول الى هذه المعدلات للبطالة بالتطبٌق على اوزان بحث القوى العاملة تم
قوة  افراد حٌث عبارة عن حاصل قسمة المتعطلٌن على عدد ) طرٌقة المقدر المباشر ومقدر المساحة الواسعة(

بهذه  شٌاخة و قرٌة داخل محافظة القلٌوبٌة  40ل العمل و استنتاج هذا المعدل على مستوى الشٌاخة/القرٌة
 ق:الطر

 

 حضر/ المحافظة
 ريف

 كود
 القسم

 / المركز

 كود
 الشياخة
 / القرية

 معدل البطالة
 للمقدر المباشر

 معدل البطالة
 لمقدرللمنطقة
 الواسعةبدون
 بياناتمساعدة

 معدل البطالة لمقدر
 الوحدة بأستخدام

 الانحداراللوجيستى

 5.57 8.3 2.34 5 1 1 القليوبية

1 3 1 14.38 8.3 3.91 

2 3 7 6.39 8.3 1.18 

2 3 9 12.69 8.3 2.97 

حيث يتم مقارنة تجميع   من بحث القوى العاملة % 8.8  على مستوى المحافظة  التقدير المباشر
معدلات البطالة لشياخات وقرى محافظة القليوبية للطرق السابقة للتقدير للتأكد من دقة التقديرات 

 .بمقارنتها بمعدل البطالة على مستوى المحافظة من بحث القوى العاملة 

  التقدٌر على مستوى الوحدة تطبٌقكٌفٌة : 

نموذج الانحدار الموجيستى الثنائى فى حساب معدل البطالو بأستخدام يتم التطبيق فى ىذا النموذج 
حيث ان الحالة العممية ىى المتغير التابع و   من خلال التعرف عمى احتمال المتعطمين و المشتغمين

 تم اخذ كل من العمر و النوع و الحمة التعميمية و محل الاقامة ) حضر/ ريف( كمتغيرات مستقمة .
 

Y = - 1.733 -2.692 sex+  3.066  age+.510 edu _level - .514  hadr 

Y = - 1.733 -2.692  X1+  3.066  X2+.510 X3- .514  X4. 

 يتم دراستو ىوى الذ y التابع المتغير أن ىو أساسي فرض عمى وجستيمال الانحدار نموذج ويقوم 

 الاستجابة حدوث إلى أي ، (p -1) حتمالاب 0 والقيمة (p) باحتمال (1 ) القيمة يأخذ ثنائي متغير

 الشكل التالى: أخذي الخطي الانحدار ان ممنع وكما ، ثياحدو  وعدم

       +   =e Y +حٌث ان    

 عندما ،ولكن)+∞  الى - ∞( من قيم يأخذ النماذج ليذه الأيمن الطرف أن الانحدار في المعروف ومن

 E (y /x ) =  P          لان ملائم يكون لا البسيط الخطي الانحدار فإن ، ثنائي التابع المتغير  يكون

(y =1)=p   ، يكون وبذلك ( 0,1 ) الرقمين بين ما محصورة الأيمن الطرف قيمة تكون وبذلك 
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 ةمتحوي إدخال وى ةمالمشك هىذ حل طرق إحدى وان الانحدار، نظر وجة من لمتطبيق قابل غير النموذج
 . Yالتابع المتغير ىمع مناسبة رياضية

 Ln(p/1-p)= b0 +b1X. 
 Logit ) لوجت ةمبتحوي ln ةمالتحوي وتسمى ، وجستيمال الانحدار بنموذج النموذج ويسمى ىذا

transformation)، 
 وجستيةمال لدالة الأيمن الطرف اقترب كما الصفر من y  وتقترب ، 1  , 0 القيم تأخذ مستمرة دالة وجستيةمال الدالة وان

 الطرف   يكون عندما ةممتماث دالة يىو  ، ∞ من الدالة ذهيل الأيمن الطرف اقترب كما الواحد من  y  وتقترب  -  ∞  من

 حيث ان لمصفر مساوي الدالة ذهيل الأيمن
P=      / 1+      

 ما يمى :   وبالتطبيق ىذا النموذج نستنتج
 لايعمل فى المنطقة الى كون الشخص احتمال ان يكون الشخص يعملمعدل او نسبة حيث تم التطبيق حيث 

 رط البيانات المساعدة المتوفرة.شالصغيرة ب
 

a. Variable(s) entered on step 1: sex (النوع)     

     b. Variable(s) entered on step 2: Age)العمر ).     

c. Variable(s) entered on step 3: education  )الحالة التعليمية ) .    

d. Variable(s) entered on step 4: hadr.)محل الاقامة)      

 

Model Summary 

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square 

1 315975.049
a
 .176 .244 

2 238877.206
a
 .367 .509 

3 237357.500
a
 .370 .514 

4 235096.259
a
 .375 .521 

 
Classification Table 

 

 

Classification Table
a
 

 

Observed 

Predicted 

 Percentage التابع المتغير 

Correct  0 1 

Step 4 91.3 16888 177522 0 التابع المتغير 

1 27483 70292 

 

 

71.9 

Overall Percentage   84.8 
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 حساب النتائج السابقة بمعرفة الباحث.تم 
 

 النتائج :خامساً:
يعرض مدى معنوية المتغيرات المستقمة المدرجة فى   النموذج من متغير بالنسبة لمنموذج الموجيستى  -1

تأثير معنوى لتصنيف الحالة العممية )يعمل / لايعمل( التعميم و العمر والنوع  ومحل الاقامة وعدم ظيور 
حيث لم ترتفع نسبة تصنيف  بعد أضافة كلا من متغير الحالة التعميمية و محل الاقامة ليذا النموذج

  .% بعد اضافة ىذان المتغيران عمى الرغم من التأثير المعنوى ليم 84.8النموذج ككل عن 

حٌث منطقٌة المعلمات  فىٌلاحظ بنسبة مقبولة اتفاق النموذج اللوجٌستى المقدر مع المنطق الاقتصادى  -2
الذى ٌؤدى  .510تم معامل الترجٌح بمقدار ان زٌادة متغٌر التعلٌم بمقدار واحد ٌؤدى الى زٌادة لوغارٌ

أنها تدل لمتغٌر النوع فمع ثبات تأثٌر باقى المتغٌرات  اما بالنسبة   1الى زٌادة المتغٌر التابع بمقدار
لمتغٌر ل 2.6.2ض لوغارٌتم معامل الترجٌح بمقدارسٌؤدى الى خف 1على زٌادة هذا المتغٌر بمقدار 

وكذلك ٌنطبق التفسٌر على باقى المتغٌرات المستقل  ٌرات الاخرىفى ظل ثبات المتغ 1التابع ٌكون 
 التى تم ادراجها فى النموذج .

كما % لمشاىدات العينة  84.8اما بالنسبة لمتصنيف الصحيح لمنموذج من حيث يعمل ولايعمل بنسبة  -3
 معنوية المعممات المقدرة جميعا. ثبتتحيث المقدرة  لمعنوية المعممات "WALD"      ختبار ان أ

4- Nagelkerke R Square ت تمثيلا مقبولا الى حد ما ىو يعرض ان النموذج المقدر يمثل البيانا
وان المتغيرات المستقمة التى تم ادراجيا فى النموذج تساىم فى تفسير المتغير التابع بيذه  %52.1بنسبة
عمى الرغم من ارتفاع نسبة تفسير المتغيرات المستقمة لممتغيرالتابع بأضافة كل من متغير الحالة  النسبة

 .التعميمية ومحل الاقامة وذلك فى ظل عدم  لنموذج التصنيف

اما بالنسبة لتقديرات المساحة الصغيرة فى طريقة المقدر المباشر الذى يعتمد عمى اوزان المسح و طريقة  -5
لواسعة بدون بيانات مساعدة الذى يعتمد عمى تقدير المساحة الواسعة  )المحافظة( مقدر المساحة ا

داخل ىذه المنطقة الواسعة فكانت قيمة معدل وتطبيق نفس المعدل عمى المساحات الجغرافية الصغيرة 
 % اما بالنسبة8.5البطالة لممقدر المباشر بعد التجميع لممقارنة بمقدر البحث عمى مستوى المحافظة 

% وىما يقتربان الى حد كبير من معدل البطالة عمى مستوى المحافظة من 8.3لمقدر المساحة الواسعة 
% مما يدل عمى دقة ىذه المقدرات اما بالنسبة لممقدر الغير مباشر 8.8بيانات بحث القوى العاممة وىى 

مة مقبولة الى حد ما % وىى قي 12.2باستخدام نموذج الانحدار الموجيستى فان معدل البطالة  قيمتة 
مقارنة بقيمة المعدل من نتائج المسح ولكن يظير من ما سبق ان طرق التقديرالمباشرة كانت درجة دقتيا 
اعمى من طرق التقدير غير المباشرة بأستخدام الانحدار الموجيستى مقارنة بمقدر المسح وربما ىذا يرجع 

 المتغيرات المستقمةبعض / لايعمل او اىمال التصنيف فى النموذج الموجيستى بين يعمل  درجةالى 
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التى يجب ادراجيا فى النموذج والتى تؤثر تأثيراً معنويا عمى المتغير التابع و بالتالى تزيد من  الاخرى
 دقة المقدرات الغير مباشرة   

الصغيرة ان متطبيق العممى نستنتج وفقا ليذه الدراسة فى المقارنة بين طرق تقدير المساحات بالنسبة ل -6
المقدرات المباشرة كانت اكثر دقة و كفاءة من المقدرات الغير مباشرة مع امكانية التعديل فى المقدرات 

 الغير مباشرة بمزيد من التجربة لزيادة دقتيا وكفاءتيا .

الاىمية الفعالة لتقدير المساحات الصغيرة وما يصحبيا من توفير فى الوقت والجيد والتكمفة والحصول  -7
ى تقديرات دقيقة تساىم فى حل المشكلات مثل البطالة والفقر ... ومساعدة المسئولين فى رسم عم

من خلال البيانات التفصيمية لأقل مستوى  السياسات واتخاذ القرارات فى ظل الأمكانيات المحدوده لمدولة
 .جغرافى
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 سادساً: الخاتمة:  
قامت الدراسة عمى محاولة عرض ومقارنة طرق تقدير المساحات الصغيرة المختمفة والتطبيق عمى أصغر 
مستوى جغرافى وىى الشياخة / القرية كمستوى أكثر تفصيلًا لممشكمة ، حيث يتم أستخدام طرق التقدير 

ح والتعداد المباشرة وذلك لموصول الى افضل معالجة لبيانات المشكمة موضوع الدراسة من المس
السكانى.أما بالنسبة لطرق التقدير غير المباشرة فيى تعتمد عمى البيانات المتاحة وقوة العلاقة بين 
المتغير التابع والمتغيرات المستقمة المدرجة بالدراسة لكفاءة ودقة ىذه المقدرات وعمى الرغم من المناىج 

وجد انيا تعتمد عمى البيانات المتاحة   SAEات إلى التطبيق العممى لتقنيالنظرية المختمفة ؛ بالأضافة 
وكذلك عمى قوة العلاقة بين المتغيرات المستقمة بالأضافة الى مصادر المعمومات المختمفة ؛ حيث ان 

وتعداد السكان  LFSالبطالة فى الشياخات / القرى يعتمد عمى البيانات المستخدمو من بحث  معدلتقدير 
نتائج المقارنة بين طرق التقدير المباشرة ) طريقة المقدر المباشر و مقدر ،وقد حاولت الدراسة ان تظير 

المساحة الواسعة بدون بيانات مساعدة( وقد أظيرت دقتيا الى حد كبير أما بالنسبة لممقدر غير المباشر 
)طريقة التقدير عمى مستوى الوحدة بأستخدام نموذج الانحدار الموجيستى(فقد اظير النموذج درجة من 
الدقة المقبولة فى ظل البيانات المتوافرة والعلاقة بين المتغير التابع والمتغيرات المستقمة المدرجة فى 

والتى تعتمد زيادة كفاءتيا عمى جودة المتغيرات المستقمة المدرجة فى النموذج ومدى تأثيرىا عمى النموذج 
ق لعرض مدى مساىمة ذلك فى وعرض ذلك من خلال حساب معدل البطالة بيذه الطر المتغير التابع 

معالجة مشكمة البطالة بالوصول إلى عرض المشكمة عمى أقل مستوى جغرافى وعرضيا أكثر تفصيلًا 
حيث مدى أىمية طرق  والمساىمة فى حميا من خلال تقدير معدل البطالة عمى اصغر مستوى جغرافى

والتى ليا تأثير كبير فى توفير الوقت والجيد والتكمفة  تقدير المساحات الصغيرة فى تقدير معالم المجتمع
 والتى تساىم فى رسم السياسات القومية ودعم أتخاذ القرار.
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Abstract 

In this article, the accuracy of point estimates in survey sampling is 

evaluated using variance estimates. The jackknife has been suggested as a 

useful resampling technique. The approximation of sampling relative error for 

the total in stratified sampling without replacement from finite populations 

will be reviewed, and a general delete-group jackknife method of Cao, R. et al 

(2013) is derived. 

Keywords  

Jackknife, Relative Error, Sampling Survey, Stratified Sampling, Variance 

Estimation. 

1. Introduction 

This section basically divided into two main parts of the review. The 

first part reviewed unequal probability sampling and the second part reviewed 

jackknife method as a resampling technique and its estimation of variance in 

survey sampling. 

Firstly, Hansen and Hurwitz (1943) gave the first theoretical aspects of 

unequal probability sampling with replacement. Madow (1949) introduced the 

concept of unequal probability sampling without replacement but no 

theoretical aspects were given. Horvitz and Thompson (HT) (1952) were the 

first to develop the historical theoretical ideas of unequal probability sampling 

without replacement when they proposed an estimator of population total. 

Then they estimated a variance of the actual variance of their estimator.   
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An alternative expression of HT estimator was developed by Yates and 

Grundy (1953). The previous variance estimators were very hard to compute 

with increase in the sample size. So, numerous survey statisticians have 

proposed approximate expression for variance of HT (1952) estimator to 

overcome these computing problems. The first attempt was made by Hartley 

and Rao (1962). Also, Rao (1963), Hanif and Ahmad (2001), Shahbaz and 

Hanif (2003a, 2003b) , Basit and Shahbaz  (2006), Shahbaz and Hanif, (2007), 

Alodat (2009), and Razvi and Khan (2013) have proposed approximate 

expressions for variance of HT estimator. Hassan et al. (2009) compared 

various approximate formulae for variance of HT estimator. 

Secondly, in survey sampling, Durbin (1959) considered the first one 

who applied Quenouille's(1949, 1956) method in this area, then Rao (1965) 

and Rao and Webster (1966). 

According to using jackknife method under unequal probability 

sampling, and specifically, in stratified sampling design. Lee (1973) attempted 

to develop an efficient scheme for variance estimation in stratified sampling 

whereby two primary selections per stratum are drawn, which form the parent 

sample. Lee's scheme is equivalent to the jackknife method of variance 

estimation used by Tukey (1958) for unstratified samples. However, the 

estimation procedure to be employed for his scheme would be different for the 

jackknife method. Campbell (1980) gave a general definition of a jackknife 

pseudo value that is applicable for unequal probability sampling and 

stratification, and generalized the jackknife variance estimate so that it applies 

to any sample design for which the variance of an estimated mean can be 

estimated. Shao and Tu (1995) presented the jackknife variance estimator for 

 ̂ when multistage sampling is used. Therefore, the resampling techniques, in 

the context of sampling survey, has been widely studied, Tukey's (1958) 

original idea of jackknife variance estimation has been developed to handle 

stratified multistage sampling by Jones (1974), Kish and Frankel (1974), 

Krewski and Rao (1981), Kovar et al. (1988), Rao et al. (1992),  and Shao and 

Tu (1995).  

Berger and Skinner (2005) established the consistency of Campbell’s 

(1980) generalized jackknife variance estimator. They also compared the 

empirical performance of Campbell's jackknife (in a single stage context) with 

standard single stage jackknifes such as in Tukey (1958), Kish and Frankel 

(1974), and Rao et al. (1992). Berger (2007) proposed a numerically simple 
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jackknife variance estimator. Berger's estimator is consistent under unistage 

stratified sampling without replacement. Berger proposed a modified 

Campbell's (1980) estimator. Escobar and Berger (2011) proposed two 

generalized jackknife variance estimators suitable for functions of HT (1952) 

point estimators. Regularity conditions under which the proposed estimators 

are design-consistent were also provided. The proposed estimators are 

compared with the Campbell (1980) jackknife variance estimator for a ratio. 

Stratified multi-stage cluster sampling is commonly used in socio-

economic surveys. Pioneering work on "delete-cluster" jackknife for variance 

estimation under stratified multi-stage cluster sampling is due to McCarthy 

(1969) and Kish and Frankel(1974).  

Hall (2003) provided a scholarly historical account of Mahalanobis' 

seminal contributions to early development of survey sampling in India.  

Escobar and Berger (2013) proposed a design-consistent jackknife 

variance estimator that takes account of all stages via deletion of clusters and 

observations within clusters. They also proposed a jackknife variance 

estimator for self-weighted two-stage (stratified) without replacement 

sampling. They made Monte-Carlo simulations which showed that the 

proposed jackknife could be more accurate than customary jackknife 

estimators for more than one stage such as the Rao et al. (1992) stratified 

multi-stage delete-cluster jackknife.  

Cao, et al. (2013), handled the problem of approximating the sampling 

relative error of point estimates derived from large sample surveys on a finite 

population using stratified random sampling design without replacement. 

They proposed three jackknife methods and compared it with the plug-in and 

two bootstrap techniques. The first one (J1) considered by removing a sample 

value at each iteration, the second one (J2) constructed by removing a stratum 

at each iteration, and the third estimate (J3) constructed by considering the 

variance of  ̂ as a linear combination of variances of statistics constructed at 

stratum level. And these variances are previously estimated by jackknife in 

each stratum. They examined and compared the different procedures by 

extensive simulation study.  
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2. Jackknife Estimation 

2.1 The Grouped Quenouille-Tukey Jackknife Method  

For the sample of size   independent and identically distributed (   ) 

observations           . The sample is first divided at random into   groups 

           , each of size  , assuming that     . The groups,   , are 

deleted in turn and the "delete-group" estimates  ̂ ,         , are 

computed, where  ̂  denotes the estimator of   based on the sample of size 

           after deleting   . Quenouille showed that the estimator 

   ̂  ∑  ̃ 
 
    ⁄  ,       

where  ̃    ̂        ̂ .  

Tukey (1958) suggested regarding the  ̃  as     for general  ̂ and then 

using  

   ( ̂ )  ∑ ( ̃   ̂ )
  

         ⁄ . 

             
     

 
∑ ( ̂   ̂   )

  
    , 

where  ̂  is the jackknife pseudo estimate, that is the estimator calculated 

using the whole sample except for the     observation,                     

                   ,   ̂    ∑  ̂ 
 
    ⁄ . As, ( ̂ ), the jackknife variance 

estimator of  ̂ or  ̂.  

2.2 Cao et al Jackknife Method 

The sampling error of  ̂ can be presented in relative terms, using the 

variation coefficient of the estimator given by: 

     ( ̂)  √
   ( ̂)

 ( ̂)
 . 

 Cao, et al. (2013) handled the problem of approximating the sampling 

relative error of point estimates derived from large sample surveys on a finite 

population using stratified random sampling design without replacement as we 

mentioned in the previous section.  
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 El Sayed and Abdel Latif (2015) introduced a general jackknife method 

of Cao, R. et al (2013) for their first method, jackknife leaving one sample 

value out, by removing a group of values out. And we will generalize the 

second method of Cao et al. (2013) in the following section. 

3. Jackknife leaving group of stratum out  

For simplicity and comparability of the results we will follow all 

symbols and notations and may be some scientific definitions as in Cao et 

al.(2013) and in generalizing his results we have to follow his approach so 

both results can be compared. 

Let,   and    will denote the number of strata and the population size of 

the     stratum,       , respectively. And, let {               

     } be a stratified random sample without replacement of the variable of 

interest  , of size   ∑   
 
   ,    being the sample size within the     stratum. 

The unbiased estimator of the total,  ̂ , and the sample variances,   
 , are 

respectively given by; 

   ̂    ̂  ∑    ̅   ∑     
 
   

 
    ̅   ∑      

 
   ,  

    
  

 

    
∑ (     ̅  )

   
   , 

and,         ⁄  the elevation factors of each stratum. Being                     

 ̅   
 

  
∑    

  
   and     ∑    

  
    . 

where,     is the      element of the      population stratum, with         , 

       . Being  ̅   
 

  
∑    

  
    and     ∑    

  
   . 

 It is a general jackknife of leaving one stratum out for Rao (2013) 

because we propose to calculate each pseudo value removing all the 

observations of one group of strata. Thus, the     jackknife pseudo value is 

based on the original sample without the observations of the eliminated   strata 

 , i. e., 

   ̂
    

 

    
∑      

 
   
   

                                                                   (3.1) 

                        ∑       
 

    
  ̂  ∑          . 
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 Now, two variants of the jackknife estimator are introduced by 

considering different ways of averaging the pseudo values  ̂   . First, we use a 

weighted mean, where each pseudo value is weighted by the population size 

of some strata removed in calculation. Thus, we have 

   ̂   
   ∑

  

 
 ̂   

 
                                                                    (3.2) 

                    ∑
  

 
 
   (

 

    
  ̂  ∑          ) 

                ̂   
     ̂ ∑

  

    
 ∑

  

    
 ∑           

   
 
    

Then, the jackknife estimator of       ̂  takes the form; 

     ̂      ̂  ∑
  

 
 
   (

    

 
) ( ̂     ̂   

  )
 
, 

                       ̂      ̂  ∑
  

 
(
    

 
) 

   *
   ̂ ∑          

    
 ∑

    ̂ ∑          

    

 
   +

 

. (3.3) 

The jackknife estimator of the relative error is then calculated as: 

    ̂     ̂  
 

 ̂
(   ̂      ̂ )

  ⁄

                                                  (3.4) 

 An alternative variant of the jackknife leaving some strata out is 

obtained if all the strata contribute with the same weight in the estimation,   i. 

e. the pseudo values are directly averaged as follows 

   ̂   
   

 

 
∑  ̂   

 
                                                                     (3.5) 

                ̂   
   

 

 
∑

 

    
  ̂  ∑           

    

                   
 

 
( ̂ ∑

 

    

 
    ∑

∑         

    

 
   ) 

Using  ̂   
   , the jackknife estimator of      ̂  becomes 

     ̂      ̂  
   

 
∑ ( ̂     ̂   

  )
  

   , 
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Not admitting a simpler explicit expression either. 

And the jackknife estimator of the relative error with this criterion is:  

    ̂     ̂  
 

 ̂
(   ̂      ̂ )
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                                                  (3.7) 

References 

[1]- Alodat, N. A. (2009): On unequal probability sampling without 

replacement sample size 2. Int. J. Open Problems Comp. Math., Vol. 2, No. 1, 

pp. 108-112. 

[2]- Basit, A. and Shahbaz, M. Q. (2006): A class of selection procedure for 

unequal probability sampling without replacement and a sample of size 2. J. 

Statist., Vol. 13, No.1, pp. 26-32.  

[3]- Berger, Y. G. (2007): A jackknife variance estimator for unistage 

stratified samples with unequal probabilities. Biometrika, Vol. 94, No. 4,     

pp. 953-964. 

[4]- Berger, Y. G. and Skinner, C. J. (2005): A jackknife variance estimator 

for unequal probability sampling. J. Roy. Statist. Soc. Ser. B, Vol. 67, No. 1, 

pp. 79-89. 

[5]- Cao, R., Vilar, J. A., Vilar, J. M., and L ́pez, A. K. (2013): Sampling 

Error Estimation in Stratified Surveys. Open Journal of Statistics, Vol. 3,    

pp. 200-212.  

[6]- Campbell, C. (1980): A different view of finite population estimation . 

Proc. Surv. Res. Meth. Sect. Am. Statist. Assoc., pp. 319-324.  

[7]- Durbin, J. (1959): A note on the application of Quenouille's method of 

bias reduction to the estimation of ratios. Biometrika, Vol. 46, pp. 477-480. 

[8]- El Sayed, S. M. and Abdel Latif, S. H. (2015): General jackknife 

variance estimator for stratified sampling survey. International Mathematical 

Forum, Vol. 10, No.8, pp. 377-383. 

[9]- Escobar, E. L. and Berger, Y. G. (2011): Jackknife variance estimation 

for functions of Horvitz & Thompson estimators under unequal probability 

sampling without replacement. Int. Statistical  Inst.: Proc. 58
th
 World 

Statistical Congress. Dublin (Session CPS046), pp. 5031-5034. 

[10]- Escobar, E. L. and Berger, Y. G. (2013): A jackknife variance 

estimator for self-weighted two-stage samples. Statistica Sinica, Vol. 23,     

pp. 1-19. 



The 50
th

 Annual Conference on Statistics, Computer Sciences and Operation Research 27-30 Dec,2015 

Cairo University-Institute of Statistical Studies and Research 

 
8 

 

[11]- Hall, P. (2003): A short prehistory of the bootstrap. Statistical Science, 

Vol. 18, pp.158-167. 

[12]- Hanif, M. and Ahmad, M. (2001): Approximate variance formula for 

Horvitz-Thompson estimator using first order probabilities. Presented at 

ICCSS-VII held in Lahore. 

[13]- Hansen, M. H. and Hurwitz, W. N. (1943): On the theory of sampling 

from finite populations. Ann. Math. Stat., Vol. 14, pp. 333-362. 

[14]- Hartley, H. O. and Rao, J. N. K. (1962): Sampling with unequal 

probabilities and without replacement, Ann. Math. Stat. Vol. 33, pp. 350-374. 

[15]- Hassan, Y., Shahbaz, M. Q., and Hanif, M. (2009): Empirical 

comparison of some approximate variance formulae of Horvitz-Thompson 

estimator. World Applied Sciences Journal, Vol. 5, pp. 597-599. 

[16]- Horvitz, D. G., and Thompson, D. J. (1952): A generalization of 

sampling without replacement from a finite universe. J. Amer. Stat. Assoc., 

Vol. 47, pp. 663-685. 

[17]- Jones, H. L. (1974): Jackknife estimation of functions of stratum means. 

Biometrika, Vol. 61, pp. 343-348. 

[18]- Kish, L. and Frankel, M. R. (1974): Inference from complex samples 

(with discussion). J. Roy. Statist. Soc. Ser. B. Vol. 36, pp. 1-37. 

[19]- Kovar, J. G., Rao, J. N. K. and Wu, C. F. J. (1988): Bootstrap and 

other methods to measure errors in survey estimates. Can. J. Statist. Vol. 16, 

pp. 25-45. 

[20]- Krewski, D. and Rao, J. N. K. (1981): Inference from stratified 

samples: Properties of the linearization, jackknife and balanced repeated 

replication methods. Ann. Statist. Vol. 9, pp. 1010-1019. 

[21]- Lee, K. (1973): Variance estimation in stratified sampling. J. Am. 

Statist. Assoc, Vol. 68, No. 342,   pp. 336-342. 

[22]- Madow, W. G. (1949): On the theory of systematic sampling II. Ann. 

Math. Stat. Vol. 20, pp. 333-354. 

[23]- Mahalanobis, P. C. (1946): Recent experiments in statistical sampling 

in the Indian Statistical Institute. Journal of the Royal Statistical Society, Vol. 

109, pp. 325-378. 

[24]- McCarthy, P. J. (1969): Pseudo-replication. Review of the International 

Statistical Institute, Vol. 37,   pp. 239-264. 

[25]- Miller, R. G. (1974): The jackknife: a review. Biometrika, Vol. 61,     

pp. 1-15. 

[26]- Quenouille, M. H. (1949): Approximate tests of correlation in time-

series. J. Roy. Statist. Soc. Ser.  B. Vol. 11, pp. 68-84. 



The 50
th

 Annual Conference on Statistics, Computer Sciences and Operation Research 27-30 Dec,2015 

Cairo University-Institute of Statistical Studies and Research 

 
9 

 

[27]- Quenouille, M. H. (1956): Notes on bias in estimation. Biometrika,  

Vol. 34, pp.353-360. 

[28]- Rao, J. N. K. (1965): A note on the estimation of ratios by Quenouille's 

method. Biometrika, Vol. 52,    pp. 647-649. 

[29]- Rao, J. N. K. (1963): On two systems of unequal probability sampling 

without replacement. Ann. Inst. Stat. Math., Vol. 15, pp. 67-72. 

[30]- Rao, J. N. K. and Webster, J. T. (1966): On two methods for bias 

reduction. Biometrika, Vol. 53, pp. 571-577.  

[31]- Rao, J. N. K., Wu, C. F. J. and Yue, K. (1992): Some recent work on 

resampling methods for complex surveys. Surv. Methodol. Vol. 18,              

pp. 209-217. 

[32]- Razvi, N. A. and Khan, M.A. (2013): Sampling procedure with unequal 

probabilities of selection an generalization for fixed sample size. International 

Journal of Statistika and Mathematika, Vol (7),  Issue (1), pp. 12-13. 

[33]- Shahbaz, M. Q., and Hanif, M. (2003a): Variance formulas for 

Horvitz-Thompson estimator using first order inclusion probabilities.             

J. Applied Statistical Sciences, Vol. 12, No. 3, pp. 201-208. 

[34]- Shahbas, M. Q., and Hanif, M. (2003b): A sample procedure for 

unequal probability sampling without replacement sample size 2.               

Pak. J. Statist. Vol. 19, No. 1, pp. 151-160. 

[35]- Shahbaz, M. Q. and Hanif, M. (2007): A new approximate formula for 

variance of Horvitz-Thompson estimator using first order inclusion 

probabilities. Pak .J .Stat. Oper. Res., Vol. III, No. 1, pp. 59-62. 

[36]- Shao, J. and Tu, D. (1995): The Jackknife and Bootstrap. Springer-

Verlag New York, Ink. 

[37] - Tukey, J. W. (1958): Bias and confidence in not-quite large samples 

(Abstract). Ann. Math. Statist., 29, 614. 

[38]- Yates, F. and Grundy, P.M. (1953): Selection without replacement 

from within strata with probability proportional to size. J. Roy. Stat. Soc. Ser. 

B. Vol. 15, pp. 253-261. 



The 50th Annual Conference on Statistics, Computer Sciences and Operation Research 27-30 Oec ,2015

A Generalized Linear Model for Female participation in Labor Force in
Upper Egypt
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Abstract:
In the last two decades, the world has an obvious interest for the role of

women in the family and society as a participant in development as well as men.
According to many studies there exists a relationship between the number of
participated women in labor force and some other determinants like the number
of educated, married women and place of residence. This paper will apply a
Poisson Regression Model for the number of working women in Upper Egypt.
It will identify the determinants that have an impact on women's participation in
the labor force. The test of model effects showed that all explanatory variables
have a significant effect on the response variable. Also the results showed that
the data is over dispersed, as the variance of the response variable is not equal to
the mean in both years 2011 and 2013 of labor force survey.

Keywords: Working Woman, Labor Force Survey, Deviance.

1. Introduction

In the last two decades, the world has showed an obvious interest in the role
of women in the family and society as a participant in development as well as
men. There are many conferences referred to the need to promote the social
status of women and strengthen their role in the political, economic, and social
development. The most important conference is the International Conference on
Population and Development which is concerned with Women's issues, held in
Cairo in 1994. It called for women's equal right with men in all areas and the
elimination of discrimination against them. Women's participation in the labor
force is faced by a lot of obstacles; perhaps the most important are conditions
and social beliefs, gender discrimination between men and women, which
represents one of the structural problems in the labor market in Egypt.
Discrimination appears in partitioning of jobs and in wages levels which reduce
the motivation for woman's participation in the labor force. The research
program which carried out by the (Social Research Center, 2009) showed that,
in spite of all the development efforts to wide the educational base and
increasing in health care as well as institutional reforms of laws and regulations
that have been made in Egypt in recent decades, which in turn guarantees the
rights of women, the participation of women in the labor force is still low , with
less than 22% in 2006.

·Reem Elsybaey: The Author is a Master degree Student in ISSR and Statistician at (eAPMAS) National Statistics Office in Egypt.

•• Yasmin lbrahim: Assistant Professor in ISSR (Institute of Statistical Studies and Research) - Egypt, Author's Supervisor.
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Table (1): The evolution of Egyptian female's labor force participation in
age group (15 - 64)

Year Labor force narticination rate (%)
1990 27.60
1991 23.30
1992 23.90
1993 23.30
1994 24.10
1995 22.70
1996 21.80
1997 21.00
1998 20.30
1999 20.90
2000 21.10
2001 21.40
2002 I 20.00 I

I 2003 I 20.70
I 2004 I 21.40

2005 22.10
2006 22.40
2007 24.40
2008 24.70
2009 25.00
2010 25.30
2011 25.50
2012 25.60
2013 25.80

Source: World Bank Data, 2013

Table (1) shows that Egyptian female's Labor force participation rate in 1990
was 27.6% then it decreased in 2002 to be 20%, while in 2013 it increased again
to be 25.8%, however this percentage doesn't exceed the quarter of the total of
labor force participation.
This paper will apply a Poisson Regression Model for the number of working
females in labor force in Upper Egypt. It will identify the determinants that have
an impact on women's participation in the labor force.

2. Review of Literature

According to the review of literature, (Anker, 1983) discussed female labour
force participation in developing countries and introduced a critique of current
definitions and data collection methods for measuring, women's work. (Anker
and Anker, 1989) examined the female labour force participation using official
labour force data in Egypt. They suggested how recent changes in the
procedures and questionnaires used by Central Agency for Public Mobilization
and Statistics (CAPMAS) to collect these data have affected responses and
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consequently official estimates of the female labor force. This is obvious in the
great efforts made by Egyptian Labor Force Sample Survey (ELFSS) to
improve reporting of women in the labor force, by specifically training
interviewers to be aware of unpaid family labor, particularly labor on family
farms, As a result of these efforts, the percentage of women reported to be
working doubled from 5.8 percent in 1982 to 12.7 percent in 1983.Furthennore,
the results of the methodological household survey jointly conducted by
CAPMAS and ILO (International Labor Organization) were described and
discussed several important ways of improving data on the female labour force.
Also (Assad, 2002) stated that Egypt has gone through a structural adjustment
program since 1970 like many other developing countries. Nevertheless these
reforms have been accompanied by significant In-formalization of employment
relations where the Egyptian labor market in particular paid employment
outside the government sector is becoming increasingly de-feminized over this
structural adjustment period. (Langsten and Salem, 2006) introduced two
approaches to measure Women's Work in Developing Countries applied to the
same population of ever-married women. The data of ever-married women were
compared from two surveys which share the same basic definition of work, the
first one is Egypt DHS (Demographic health survey) in 2003 and the second is
Slow Fertility Transition (SFT) survey conducted in 2004. (Amer , 2007)
studied the insertion of the youth in age group (15-29) years old into the
Egyptian labor market. This study examined whether the patterns of school-to-
work transition changed over time (1988-2006). Also (Spierings and Smits,
2007) discussed Women's labor market participation in MENA- region. This
study stated that Women's participation in the economy, as integral part of their
empowerment, is a major challenge facing the MENA-region, since women's
labour market participation (LMP) is among the lowest throughout the world in
these countries. (Sieverding, 2010) reviewed the Life Course Transitions and
Female Labor Force Outcomes in Egypt. It used a longitudinal approach to the
question of how young Egyptian women's labor force participation in different
sectors of the economy changes after transition into marriage. It was limited to
unmarried young women in 1998 and examined their labor force outcomes in
2006, then compared with those who had married in the intervening eight years
and those who had not. The (population council, 2012) made a Survey of
young people in Egypt. This survey stated that female youth face challenges in
finding decent work both as women and as young people. Consequently, labor
force participation among female youth remains low; also education and
marriage are strongly associated with labor force participation. It's obvious that
higher educational attainment is associated with greater labor force participation
for female youth. According to (MENA Development Report, 2013) the
worldwide average of the participation of women in the labor force
approximately 50 percent while this percentage in MENA is half that at 25
percent. It is a fact that young women especially have high rates of
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unemployment. This report discussed the improvements made to secure equal
opportunities for women alongside men.

3. Methodology
This study will use data of (labor force survey for females in six of Upper Egypt
govemorates in years 2011 and 2013) due to available data on workers and the
unemployed, whether male or female. The upper Egyptian females in the
govemorates (Benisuef - Fayoum- Menia- Asyuot- Suhag- Qena) were selected
from the data of labor force survey. Thus, the [mal observations consisted of
30535 females in 2011 while in 2013 it was 27917. The study used a poisson
regression model to test the significance of some factors and it will use two
measures of goodness-of-fit like deviance and AIC. In statistics, poisson
regression is a form of regression analysis used to model count data and
contingency tables. It assumes the response variable Y has a Poisson
distribution, and assumes the logarithm of its expected value can be modelled
by a linear combination of unknown parameters. In the case of rare events the
Poisson distribution is more appropriate since the Poisson mean> O. So the
logarithm of the response variable is linked to a linear function of explanatory
variables such that 10g(Y) = ~o + ~IXl + ~2X2 ... etc. and so Y = (e{30) (e{31X1)

(e{32X2) ... etc. This study used the Poisson regression (PR) model to identify the
relationship between the endogenous variable "number of working women" and
some other covariates such as number of educated women, number of married
women, number of women in age group 15-64 and place of residence which is a
dummy variable and consists of (urban =0; rural =1).

Assumptions in Poisson Regression:
The assumptions include:

1. Logarithm of the dependent variable changes linearly with equal
increment increases in the exposure variable.
2. Changes in the rate from combined effects of different exposures or
risk factors are multiplicative.
3. The number of cases has variance equal to the mean.
4. Observations are independent.
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4. Results
Table (2): The descriptive statistics for the data in 2011 and 2013

2011 2013

~
Variables Number of Mean Std. Number of Mean Std.

Shiakha Deviation Shiakha Deviation
Number of
working 146 34.53 33.55 147 25.48 22.591
women
(Work)

Number of
Educated 146 74.65 51.338 147 73.63 45.19women

(Edu)
Number of
Married

146 114.06 60.941 147 100.59 52.866women
(Mar)

Number of
women in

146 176.18 94.864 147 161.94 85.837age group
(15-64)

- The upper Egyptian females in the govemorates (Benisuef - Fayoum- Menia-
Asyuot- Suhag- Qena) were selected from the data of labor force survey.
Thus, the [mal observations consisted of 30535 females in 146 Shiakha in
year 2011 while in 2013 it was 27917 females in 147 Shiakha.

- The unconditional mean and variance of the response variable are very
different in both years. The results show that the variance is greater than the
mean which means that there is over dispersion in the data. Furthermore, the
estimates in Poisson Regression model are still consistent but are inefficient,
which leads to the invalidation of inference based on the estimated standard
errors. In this case the Negative binomial regression can be used for over-
dispersed count data. It can be considered as a generalization of Poisson
regression since it has the same mean structure as Poisson regression and it
has an extra parameter to model the over-dispersion.
Multicollinearity Diagnostics:
The condition Index K can be used to test if there is a con-elation between
Explanatory variables or not and K is calculated as follows:

K = JAmax where Amax is the maximum Eigen Value and Amin is the
Amin

minimum Eigen Value.
If the value of K is greater than 15 (K> 15) then the data used in the analysis
has a con-elated explanatory variables (Multicollinearity). Also if (K>
30) then there is a high con-elationbetween the explanatory variables.
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Table (3): Multicollinearity Diagnostics Results

2011 2013

Exp. Variables
Eigen value Condition Index Eigen value Condition Index

Intercept 4.056 1.000 4.070 1.000

Ur Ru .730 2.357 .724 2.371

Edu .173 4.839 .164 4.982

Married .038 10.386 .040 10.131

Age .003 36.514 .003 38.894

According to table (3) the explanatory variable (Number of women in age
group (15-64)) is highly correlated with the other variables. After omitting this
variable and checking the Multicollinearity again, the results were as follows:

Table (4): Multicollinearity Diagnostics (Cont.)

2011 2013
Exp. Variables

Eigen value Condition Index Eigen value Condition Index

Intercept 3.106 1.000 3.117 1.000

Ur Ru .704 2.101 .702 2.108

Edu .156 4.462 .146 4.615

Mar .034 9.541 < 15 .035 9.440 < 15

The results in table (4) showed that the data used in the analysis has no
correlated explanatory variables. Thus all the variables can be included in the
analysis with Poisson regression Model.

Table (5): Goodness of fit

Goodness of Fit
2011 2013

Value df Value/df Value df Value/df

Deviance 2971.306 142 20.925 1777.360 143 12.429

Pearson Chi-Square 3076.850 142 21.668 1790.216 143 12.519

Log Likelihood -1833.021 -1231.674

Akaike's Information 3674.042 2471.348
Criterion (AIC)

Bayesian Information
3685.976Criterion (BIC) 2483.310
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To assess the fit of the model, the goodness-of-fit chi-squared test and deviance
are used, where the deviance statistic for Poisson Regression Model can be
thought of as a measure of residual variation about the fitted model. Also the
deviance D(~) is assumed to have an approximate chi -square distribution with
n-k-l degrees of freedom. Furthermore the deviance is usually defined as the
log likelihood of the final model, multiplied by (-2). The deviance in 2011 was
(2971.306) as Chi-square distributed with the model degrees of freedom (142),
while in 2013 the deviance was less than 2013and equal to (1777.360) with the
model degrees of freedom (143).

Table (6): Poisson Regression results for the data of2011 and 2013:

2011 2013
Exp. Variables

B Std. Sig. Exp(B) B
Error

Intercept 3.103 .0572 0.000 22.263 2.648 .0
Ur Ru = 0 or 1 -.441 .0457 0.000 0.643 -.197

Number of educated
women (Edu) 0.004 .0005 0.000 1.004 0.004 .0006 0.000 1.004

0.009 .0003 0.000 1.009 0.009 .0005 0.000 1.009

• Recall the form of the model equation in years 2011 and 2013:
In 2011:
Log (Work) = 3.103 - 0.441 (Ur_Ru) + 0.004 (Edu) + 0.009 (Mar).
This implies that:
Work = Exp [3.103 - 0.441 (Ur_Ru) + 0.004 (Edu) + 0.009 (Mar)].

= Exp (3.103) * Exp (- 0.441 Ur_Ru) * Exp (+ 0.004 Edu)
* Exp (0.009 Mar).

In 2013:
Log (Work) = 2.648 - 0.197 (Ur_Ru) + 0.004 (Edu) + 0.009 (Mar).
This implies that:
Work = Exp [2.648 - 0.197 (Ur_Ru) + 0.004 (Edu) + 0.009 (Mar)].

= Exp (2.648) * Exp (-0.197 Ur_Ru) * Exp (+ 0.004 Edu)
* Exp (0.009 Mar).

• From table (6), the intercept is the Poisson regression estimate when all
variables in the model are evaluated at zero. The log of the expected
count for the Number of working women is 3.103 units in 2011 and in
2013 it was 2.648 units.

• The Educational level is considered one of the most important variables
that have a significant effect on the number of working women in Upper
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Egypt. The coefficient for the Number of educated women in years 2011
and 2013 was (0.004) units. This means that, for a one unit increase in
the number of educated females the expected log count for the number of
working females is expected to change by 0.004.

• Table (6) also refers to the important significant effect for the marital
status, where the coefficient for the Number of married females in 2011
and 2013 was 0.009 units. This means that, for a one unit increase in the
number of Married females the expected log count for the number of
working females is expected to change by 0.009.

• The indicator variable Ur_Ru is the estimated Poisson regression
coefficient comparing Rural to Urban. The coefficient for this dummy
variable residence in the two years 2011 and 2013 is negative and
statistically significant indicating that rural regions have fewer working
females than urban regions.

• From table (6) we can notice that female's place of residence or female's
region (Ur_Ru) has a significant effect on the number of working
females. Also in both years 2011 and 2013 the expected log count of
working females who are in rural areas decreased by about 36% and 18%
respectively compared to the expected log counts of working females
who are in urban areas.

• According to over dispersion the data is over dispersed, where the
variance of the response variable is too large and not equal to the mean in
both years 2011 and 2013.

• We tested over dispersion in the Poisson regression model using the
ratio of the sum of Pearson chi square over the number of degrees of
freedom (chi (2)/d±)or the (deviance / df). The results show that in 2011
the (chi (2)/df) = 21.668 which is greater than 1 and in 2013 (chi (2)/d±)
=12.519 which confirmed over dispersion, however the data of2013 has
a lower value of dispersion than the data of 2011.

• For over-dispersed count data, Negative binomial regression Model is
usually used for modeling this type of count variables. In this case of
over dispersion, the Negative Binomial Regression Model can be used
to handle this problem. Also it has the same form as the Poisson
regression model and its parameter estimation performed by using MLE
method. Bouche, (2009) discussed in a paper different methods that
exist to solve the problem of underestimating variance in the Poisson
regression model when over dispersion is present. This paper stated that
the negative binomial regression model seems to be particularly
accurate because of its theoretical distribution.
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Table (7): Comparison between the results of Goodness of fit for Poisson
Regression and Negative Binomial in years 2011 and 2013:

Goodness of Fit
Poisson Regression Negative Binomial

(2011)
Value df Value/df Value df Value/

df

Deviance 2971.306 142 20.925 168.784 141 1.197

Pearson Chi- 3076.850 142 21.668 125.296 141 .889SQuare

Log Likelihood -1833.021 -644.754

Akaike's
Information 3674.042 1299.508

Criterion (AlC)
Bayesian

Information 3685.976 1314.426
Criterion (BIC)

Goodness of Fit
Poisson Regression Negative Binomial

(2013)
Value df Value/df Value df Value/

df

Deviance 1777.360 143 12.429 160.670 142 1.131

Pearson Chi- 1790.216 143 12.519 134.594 142 .948Square

Log Likelihood -1231.674 -599.834

Akaike's
Information 2471.348 1209.669

Criterion (AlC)
Bayesian

Information 2483.310 1224.621
Criterion (BIC)

- Over-dispersion was tested in the Negative Binomial regression model
using the ratio of the sum of Pearson chi square over the number of degrees
of freedom (chi (2)/df) or the (deviance / df). The results according to
Poisson Regression Model in 2011 and 2013 was (chi (2)/df) = (21.668,
12.519) respectively. However, the results of Negative Binomial Regression
Model decreased to be (1.2,1.1).
- According to Negative Binomial Regression Model the over-dispersion
decreased more than the Poisson Regression Model.
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Table (8): Comparison between the results of Negative Binomial
regression Model in years 2011 and 2013:

2011 2013
Exp.

Variables B Std. Sig. Exp(B) B Std. Sig. Exp(B)
Error Error

Intercept 3.066 .3213 0.000 21.446 2.633 .2478 0.000 13.909

Ur_Ru =0 -.524 .0750 0.000 .592 -.229 .0961 0.000 .796or 1

(Edu) .007 .0033 .046 1.007 .003 .0027 .238 1.003

(Mar) .011 .0024 0.000 1.011 .009 .0021 0.000 1.009

Negative 0.755 .0908 0.516 .0640Binomial - - - -

• The Parameter Estimates includes the regression coefficients for each of
the variables along with robust standard errors, p-values and 95%
confidence intervals for the coefficients.

• From table (8), the intercept is the Negative Binomial Regression
estimate when all variables in the model are evaluated at zero. The log
of the expected count for the Number of working women is 3.066 units
in 2011 and in 2013 it was 2.633 units.

• According to the results of Negative Binomial Regression Model the
number of educated females has an insignificant effect on the number of
working women in Upper Egypt. The coefficient for the Number of
educated women in years 2011 and 2013 was (0.007, 0.003) units
respectively. This means that, for a one unit increase in the number of
educated females the expected log count for the number of working
females is expected to change by (0.007 , 0.003) units respectively.

• Table (8) also refers to the important significant effect for the marital
status, where the coefficient for the Number of married females in 2011
and 2013 was (0.011, 0.009) units. This means that, for a one unit
increase in the number of Married females the expected log count for the
number of working females is expected to change by 0.011 in year 2011
and will change by 0.009 in 2013.

• The indicator variable Ur_Ru is the estimated Negative Binomial
regression coefficient comparing Rural to Urban. The coefficient for this
dummy variable residence in the two years 2011 and 2013 is negative and
statistically significant indicating that rural regions have fewer working
females than urban regions.

• From table (8) we can notice that female's place of residence or female's
region (Ur_Ru) has a significant effect on the number of working
females. Also in both years 2011 and 2013 the expected log count of
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working females who are in rural areas decreased by about 41% and 21%
respectively compared to the expected log counts of working females
who are in urban areas.

• Thus, we would expect the urban areas to have more number of working
females than their rural counterparts.

• The dispersion parameter in years 2011 and 2013 was equal to (0.755,
0.516) respectively. The Negative Binomial Regression Model was able
to handle and decrease over dispersion in the count data for both years
2011 and 2013. However, the over-dispersion still exists because the
value of the dispersion parameter is greater than zero.

• Also the Generalized Poisson Regression Model (GPR) can be used to
handle over-dispersion where the GPR is a generalization of the
standard Poisson regression (PR) model.

Table (9): Choosing the best Model

Model Significant Variables AIC (2011) AIC (2013)

Ur Ru
Poisson Regression Edu 3674.042 2471.348

Mar
Ur Ru

Negative Binomial Mar 1299.508 1209.669

• For Akaike's Information Criterion (AIC) in table (l0) the smaller the
AIC, the better the model is.

• The smallest AIC value is a negative binomial regression model. Then
the best model for the number of working females is obtained from the
negative binomial.

5. Conclusions

• The test of model effects showed that the number of educated and
married females have a significant effect on the number of working
women in Upper Egypt in both years 2011 and 2013.

• Female's place of residence or female's region (Ur_Ru) has a significant
effect on the number of working females. Also in both years 2011 and
2013 the expected log count of working females who are in rural areas
decreased by about 36% and 18% respectively compared to the expected
log counts of working females who are in urban areas.

• According to over dispersion the data is over dispersed, as the variance of
the response variable is too large and not equal to the mean in both years
2011 and 2013.

• The Negative Binomial Regression Model was able to handle and
decrease over dispersion in the count data for both years 2011 and 2013.

Page 20 Cairo University-Institute of Statistical Studies and Research



The 50th Annual Conference on Statistics, Computer Sciences and Operation Research 27-30 Oec ,2015

• The Negative Binomial is more adequate and appropriate in the case of
over-dispersion than Poisson Regression.
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Abstract: In this paper, factors affecting employment is conducted in three important 

economic sectors (government, private and public sectors). A random sample from workers 

within enterprises in three sectors from Egyptian Labor Market Panel Survey (ELMPS) 

research, that was conducted at (1998, 2006, 2012), to study the effect of main factors (age, 

labor hours, educational status) on employees' wages. We chose 20 employees randomly 

from row data of ELMPS for government, private and public sectors, and follow the wage, 

hours, age and education status to these employees in the three periods (1998, 2006 and 

2012).  

Several models will be tested to determine the one that achieve the goal of this paper, and to 

study the effect of some factors like (age, labor hours, educational status) on employees' 

wages. 

Keywords: Panel Data, Fixed Effect Model, Random Effect Model, Dummy 

variables, OLS estimator, log linear model, Average wage. 
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Introduction 

The labor elements considered the most important elements of production and the essential 

foundation to improve the standard of living, and human resources development that depend on 

its states in the strategic planning for achieve sustainable development .wages and 

various compensations that relates to them  the most important is the fundamental rights 

of workers, and is one of the most important obligations to the worker and the study 

of employment and wages under the current circumstances to determine the extent of its impact 

of current events on the level of wages and is it positive or negative impact, as well 

as employment .     

Using Panel Data Model's, such as pooled model, fixed effect model and random model to 

determine which model is suitable for the Egyptian data, 

 

Review of Literature Introduction 

In recent years, there has been a growing interest in the specification and estimation of 

econometric relationships based on panel data. This interest can be explained by the fact 

that panel data offer researchers extended modeling possibilities as compared to purely 

cross-sectional data or time-series data. Panel data are generally more informative, and they 

contain more variation and less collinearity among the variables. The use of panel data 

results in a greater availability of degrees of freedom and hence increases efficiency in the 

estimation. Panel data also allow for the specification of more complicated behavioral 

hypotheses, including effects that cannot be addressed using pure cross-sectional or time-

series data. 

Elhorst (2003), showed a survey of the specification and estimation of spatial panel data 

models. This paper displayed four panel data models commonly used in applied research: 
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the fixed effects model, the random effects model, the fixed coefficients model, and the 

random coefficients model. The survey discusses the asymptotic properties of the 

estimators and provides guidance with respect to the estimation procedures, which should 

be useful for practitioners. 

Baltagi (2005), provided an coverage of panel data techniques, especially for serial 

correlation, spatial correlation, heteroskedasticity, seemingly unrelated regressions, 

simultaneous equations, dynamic models, incomplete panels, limited dependent variables 

and nonstationary panels. Many of the estimation and testing techniques are illustrated with 

data sets which are available. 

Reyna (2007), Explained two techniques used to analyze panel data (fixed and random 

effects), with fixed effects model showed (covariance model, within estimator, individual 

dummy variable model, least squares dummy variable model), while in random model 

showed random intercept, partial pooling model, then showed some panel data tests used 

STATA program. 

Clark and Linzer (2012), showed two widely-used methods are the use of either “fixed" or 

“random" affects models, chosen between these approaches remains unclear in the applied 

literature. They employed a series of simulation experiments to evaluate the relative 

performance of fixed and random effects estimators for varying types of datasets. 

Summery about the Egypt Labor Market Panel Survey (ELMPS)  

The Egypt Labor Market Panel Survey, carried out by the Economic Research Forum (ERF) 

in cooperation with Egypt’s Central Agency for Public Mobilization and Statistics 

(CAPMAS) since 1998, has become the mainstay of labor market and human resource 

development research in Egypt, being the first and most comprehensive source of publicly 

available micro data on the subject. The 2012 round of the survey provides a unique 

opportunity to ascertain the impact of the momentous events accompanying the January 25
th
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revolution on the Egyptian economy and labor market and on the lives of Egyptian workers 

and their families. The Egypt Labor Market Panel Survey of 2012 (ELMPS 2012) is the third 

round of this longitudinal survey, which was also carried out in 2006. 

Although the sample was designed to be nationally representative, this round and all 

subsequent rounds do not cover the five Border Governorates of Matruh, New Valley, Red 

Sea, North and South Sinai. These remote governorates are sparsely populated, containing no 

more that 2% of the population in 2006.(Assaad and Krafft , 2013).  

Table(1.1): Estimate the Employees Numbers by Sectors  

Government Public Private Within establishments Investment 

5,325,500 932,700 6,219,400 397,300 

Source: Annual bulletin of labour force (2014).  

Table(1.2) : Average Weekly Hours Worked and Average Daily Wage (L.E) of Workers 

Paid by Important Economic Activities 

economic activities average weekly hours average daily wage (L.E) 

Agriculture, forestry and fishing 44.4 48.3 

Mining and quarrying 47.6 79.3 

Manufacturing 50 55.1 

Electricity, gaz, steam and air conditioning 

supply 
46.7 77.7 

Water supply, sewerage, waste management 

and remediation activities 
47.1 54.5 

Education 43 56.8 

Human health and social work activities 45.3 50.2 

Source: Annual bulletin of labour force (2014) 
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Models that will be applied in the study 

  1)  Factors Affecting Wages in the Government Sector 

1.1) fixed effect or LSDV model: 

The equation for the fixed effects model becomes: 

 

                          Wageit = αi + β1 Ageit + β2 Hoursit + uit                               (1.1)                                                                                 

where 

i is number of employees (i=20)  

t is time (t=3 years) 

αi (i=1….n) is the unknown intercept for each entity (n entity-specific intercepts). 

uit is the error term. Allows for heterogeneity or individuality among employees by allowing 

to have its own intercept value. After testing fixed effect model, from table (1.1) the 

significant level of the full model was founded =0.01< 0.05, it means that some the 

coefficient of this model are not equal zero and model is good. By studying the effect of 

every independent variable on the dependent variable, it was found that all variables are 

significant.  

Table (1.3) Fixed Effect or LSDV Test for Governmental Sector: 

Variables Estimated Parameters S.E P-value Model Performance 

Age 422.5 78.7 0.0001 Prob(F-statistic)=0.0001 

Hours -1116.7 450.3 0.02 

R-squared=0.59 

Constant -5803.5   

Computed from ELMPS row data in (1998, 2006 and 2012). 

Using E-Views program. 
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1.2) Random Effect model: 

 Wageit = αi + β1 Ageit + β2 Hoursit + uit + εit                              (1.2)  

                                                               

The test for Random Effect model, from table (1.2), indicates that the significant level of the 

full model was = 0.0001< 0.05, it means that some of the coefficient of this model are not 

equal zero and model is good. By studying the effect of every independent variable on the 

dependent variable, it was found that all variables are significant.  

Table (1.4) Random Effect Test for Governmental Sector: 

Variables Estimated parameters S.E P-value Model Performance  

Age 292.1 62.5 0.0001 
Prob(F-

statistic)=0.0002 

Hours -1003 389.6 0.01 

R-squared=0.26 

Constant -1545.1   

Computed from ELMPS row data in (1998, 2006 and 2012). 

Using E-Views program. 

To which model is appropriate? Fixed or Random by using Hausman test. 

Hausman test 

H = (βRE -  βFE )ʹ [var (βFE)   - var (βRE)]
-1

   (βRE -  βFE ) 

Null hypothesis:  Random-effects model appropriate. 

 

^ ^ ^ ^ ^ ^ 

Between-entity error Within-entity error 
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Alternative hypothesis: Fixed Effect model is appropriate. 

The Hausman test probability value =0.001 < α that means rejects null hypotheses and accept 

Alternative hypothesis fixed effect is appropriate model to explain wage, there is a positive 

relationship between age, work hours and wage. 

 The fixed effect model is  

                      Wageit = -5803.5 + 422.5 Ageit - 1116.7Hoursit                  (1.3)                          

The effect of dummy variables on dependent variable and model is tested as follows: 

Wage=C(1)+C(2)*age+C(3)*hours+C(4)*intermediate+C(5)*above_intermediate+C(6)*uni

versity+C(7)*age*intermediate+c(8)*age*above_intermediate+c(9)*age*university+c(10)*h

ours*intermediate+c(11)*hours*above_intermediate+c(9)*hours*university.       (1.4) 

The dummy variables used to estimate fixed effect model 

Null Hypothesis: All dummy variables are equal to zero=pooled regression model. 

Alternative hypothesis: fixed effect model. 

By using Wald test to check whether all dummy variables are zero or not from E-views result 

the F-statistic=0.9 > 0.05 that means accept the null Hypothesis: All dummy variables are 

equal to zero, pooled regression model is a good model. 

In this pooled regression model, all observations in OLS regression are pooled meaning that 

we assumed that the coefficients (including the intercepts) are the same for all the 

individuals. 

The appropriate model for governmental sector is model (1.3):   

Wageit = -5803.5 + 422.5 Ageit - 1116.7Hoursit 
^ 

^ 
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2) Factors affecting wages in Public sector 

First we will estimate fixed effect model, then estimate random effect model and test which 

model is appropriate to data.  

2.1) fixed effect or LSDV model: 

The equation for the fixed effects model becomes: 

 

                          Wageit = αi + β1 Ageit + β2 Hoursit + uit                               (1.4)                                                                                 

where 

i is number of employees (i=20)  

t is time (t=3) 

αi (i=1….n) is the unknown intercept for each entity (n entity-specific intercepts). 

uit is the error term 

Allows for heterogeneity or individuality among employees by allowing to have its own 

intercept value. The test for fixed effect model, from table (1.3) the significant level of the 

full model was found =0.04< 0.05, it means that some of the coefficients of this model are 

not equal zero and model is good. By studying the effect of every independent variable on 

the dependent variable, it was found that age variable is significant but, work hours are not 

significant.  

                   Wageit = -4287.3 + 322.8 Ageit                                                                (1.5) 

 

 

^ 
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Table (1.5) Fixed Effect or LSDV Test for Public Sector: 

Variables Estimated parameters S.E P-value Model performance 

Age 322.8 85.5 0.0005 Prob(F-statistic)=0.04 

Hours -657.6 421.7 0.13 
R-squared=0.52 

Constant -4287.3   

Computed from ELMPS row data in (1998, 2006 and 2012). 

Using E-Views program. 

2.2) Random Effect model: 

 Wageit = αi + β1 Ageit + β2 Hoursit + uit + εit                              (1.6)  

                                                               

The test for Random Effect model, from table (1.4) significant level of the model was found 

=0.002 < 0.05, it means that some of the coefficients of this model are not equal zero and our 

model is good. By studying the effect of every independent variable on the dependent 

variable, it was found that age variable is significant but, work hours variable is not 

significant.  

                          Wageit = -1503.9 + 1881.1 Ageit                                                  (1.7) 

Table (1.6) Random Effect Test for Public Sector: 

Variables Estimated parameters S.E P-value Model performance 

Age 188.1 56.7 0.002 Prob(F-statistic)=0.002 

Hours -316 364.9 0.4 

R-squared=0.19 

Constant -1503.9   

 

Between-entity error Within-entity error 

^ 
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Computed from ELMPS row data in (1998, 2006 and 2012). 

Using E-Views program. 

To test which model is appropriate? Fixed or Random by using Hausman test. 

Null hypothesis:  Random-effects model appropriate. 

Alternative hypothesis: Fixed Effect model is appropriate. 

For Hausman test the probability value =0.03 < 0.05 that means rejects null hypotheses and 

accept Alternative hypothesis fixed effect is appropriate model to explain wage, there is a 

positive relationship between age and wage. 

 The fixed effect model is  

                          Wageit = -4287.3 + 322.8 Ageit  

The effect of dummy variables on dependent variable and model is tested as follows: 

Wage=C(1)+C(2)*age+C(3)*hours+C(4)*less_intermediate+C(5)*intermediate+c(6)*above

_intermediate+C(7)*university+C(8)*age*less_intermediate+C(9)*age*intermediate+c(10)*

age*above_intermediate+C(11)*age*university+c(12)*hours*less_intermediate+C(13)*hour

s*intermediate+c(14)*hours*above_intermediate+C(15)*hours*university.         (1.8)                                         

The dummy variables is used to estimate fixed effect model 

Null Hypothesis: All dummy variables are equal to zero=pooled regression model . 

Alternative hypothesis: fixed effect model. 

By using Wald test to check whether all dummy variables are zero or not from the result the 

P-value for F-statistic=0.001 < 0.05 that means reject the null Hypothesis: All dummy 

variables are equal to zero, and the appropriate model for public sector is: 

Wage= 209926.8+322.8 *age - 220186.5*less_intermediate -219603.3*intermediate-

216671.8*above_intermediate-

^ 

^ 
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213326.7*university+2527.8*age*less_intermediate+2528.6*age*intermediate+2685.5*age*

above_intermediate+2509.8*age*university+11764.7*hours*less_intermediate+12009*hour

s*intermediate+10346.3*hours*above_intermediate+11345*hours*university.               (1.9)                                                                                   

3) Factors affecting wages in private sector 

First estimate the fixed effect model then estimate the random effect model and test which 

model is appropriate to data.  

3.1) fixed effect or LSDV model : 

The equation for the fixed effects model becomes: 

 

                        Wageit = αi + β1 Ageit + β2 Hoursit + uit                               (1.10)                                                                                 

From table (1.5) the significant level of the full model was founded =0.005< 0.05, it means 

that some the coefficients of this model are not equal zero and model is good. By studying 

the effect of every independent variable on the dependent variable, it was found that age 

variable is significant but, work hours are not significant.  

                   Wageit = -6960+ 176 Ageit                                                (1.11) 

Table (1.7) Fixed Effect or LSDV Test for Private Sector: 

Variables Estimated parameters S.E P-value Model performance 

Age 176 70.8 0.02 Prob(F-statistic)=0.0001 

Hours 328 345 0.35 

R-squared=0.73 

Constant -6960   

Computed from ELMPS row data in (1998, 2006 and 2012). 

Using E-Views program. 

^ 
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3.2) Random Effect model: 

 Wageit = αi + β1 Ageit + β2 Hoursit + uit + εit                              (1.12)  

                                                               

From table (1.6) significant level of the model was found =0.01 < 0.05, it means that some of 

the coefficients of this model are not equal zero and our model is good. By studying the 

effect of every independent variable on the dependent variable, it was founded that age 

variable is significant but, work hours variable is not significant.  

                              Wageit = -4393.4 + 95.7 Ageit                                                   (1.13) 

Table (1.8) Random Effect Test for Private Sector: 

Variables Estimated parameters S.E P-value Model performance 

Age 95.7 48.3 0.04 Prob(F-statistic)=0.01 

Hours 364.7 249.8 0.15 

R-squared=0.15 

Constant -4393.4   

Computed from ELMPS row data in (1998, 2006 and 2012). 

Using E-Views program. 

To test which model is appropriate? Fixed or Random by using Hausman test. 

Null hypothesis:  Random-effects model appropriate. 

Alternative hypothesis: Fixed Effect model is appropriate. 

For Hausman test the probability value =0.001 < 0.05 that means rejects null hypotheses and 

accept Alternative hypothesis fixed effect is appropriate model to explain wage, there is a 

positive relationship between age and wage. 

 

 

Between-entity error Within-entity error 

^ 
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The fixed effect model is  

                          Wageit = -6960+ 176 Ageit                                          . 

To check the effect of dummy variables on dependent variable and model that is to test: 

salary=c(1)+c(2)*age+c(3)*hours+c(4)*illiterate+c(5)*Intermediate+c(6)*University+c(7)*a

ge*illiterate+c(8)*age*Intermediate+c(9)*age*University+c(10)*hours*illiterate+c(11)*hou

rs*Intermediate+c(12)*hours*University.                                                                       (1.14)                                                          

Null Hypothesis: All dummy variables are equal to zero=pooled regression model. 

Alternative hypothesis: fixed effect model. 

By using Wald test to check whether all dummy variables are zero or not from the result the 

P-value for the F-statistic=0.001 < 0.05 that means reject the null Hypothesis: All dummy 

variables are equal to zero, and the appropriate model for private sector is: 

Wage = -656.3+ 176 Ageit +1054*illiterate -2107.7*intermediate-

5149.9*university+202.4*age* illiterate+290*age*intermediate +389.8*age*university-

1079*hours* illiterate -1037.8*hours*intermediate -973*hours*university.                 (1.15)                                                                                

4) Conclusions and Recommendation 

This paper claims to determine the factors that affect average wages of the governmental, 

public and private sectors of Egypt.  

Using panel data model, the results are 

1- Fixed Effect Model is a good model for panel data model on governmental, public 

and private sectors. 

2- Concerning the governmental sector, age has positive an effect on the wages, while 

the working hours have negative impact on the wages, if age increased by one unit, 

the wages would increase by 422.5 units. And if working hours increased by one unit, 

the wages would decrease by 1116.7 units, the educational status does not affect the  

 

^ 

^ 
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wages for the government sector, this is logic, when employee's age increases, wage will 

increase which called career progression in the government sector. 

3- Concerning the public sector, age and the educational status have an effect on the 

wages, age has a positive effect on the wage, while the educational status have a 

negative effect but the educational status interaction with age and working hours have 

positive effect, while the working hours haven’t an effect on the wages, the 

interaction between working hours and the educational status have an effect on the 

wages, if age increased by one unit, the wages would increase by 322 units. 

4- Concerning the private sector, age and the educational status have an effect on the 

wages, age has a positive effect on the wages, while the educational status (illiterate 

and intermediate) have a negative effect but the educational status university has 

positive effect, the educational status interaction with age have positive effect, but the 

educational status interaction with working hours have negative effect, while the 

working hours haven’t effect on the wages, if age increased by one unit, the wages 

would increase by 176 units. 

5- Fixed effect model is a good model for main Egyptian sectors and for Egyptian labor 

market. 

Table (1.10) Illustrate the Above Results Significant Factors for the Selected Model    

Sector Selected Model Sign. Variables 

Government   OLS Model Age & Hours 

Public Fixed Effect Model  

Age & Education status& Interaction between 

Age and Education status& Interaction between 

Hours and Education status 

Private Fixed Effect Model 

Age & Education status& Interaction between 

Age and Education status& Interaction between 

Hours and Education status 
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logistic regression Robust Estimation of  Parameters in 

models 
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

 

 

Abstract: 
 

Classical Maximum likelihood method is the most commonly method for   estimation 

of parameters in logistic regression model due to its efficiency. However, 

performance of maximum likelihood estimator(MLE) is undermined by existence of 

outliers and unusual observations Also, these outliers may have bad effects on the 

estimation of parameters of logistic regression models and  affect predictions and 

classification error rate of these models. The current research paper tackle the 

problem of outliers and robust estimation in logistic regression through deriving the 

loss function of four existing robust logistic estimators.   

Key words: Leverage points- Likelihood- Logistic Regression- Loss Function-

Outliers-Robust estimates . 

Introduction: 

Logistic regression models  are widely  used in real life applications as classification 

models. These models describes the relation  between   a set of explanatory variables, 

which may be quantitative or categorical and a categorical response variable  which 

may be dichotomous or polytomous  . The usual model is the binary  logistic model  

for which the response variable takes on only two values(for example: 1 for success 

and zero for failure) 

Given an attribute  x   of an explanatory variable X  and a classification variable Y . 

Then the simple binary logistic model is represented as  the conditional probability for 

Y  given   takes the following form: 
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1
1

T
i

i i i ( x )
pr(Y \ X x ) ( x )

e  


 
          ,  1 2i , ,...,n   

 Where :   and  1 2

T T

PB (B ,B ,...,B ) are the parameters of the model 

Another    representation of the above  model is: 

1i i i ipr(Y \ X x ) ( x ) F( x )      ,  where F  is the logistic distribution 

function 

Let T T( , )    and  1
T

T

i iZ ,x   

And the parameter estimates are those values that maximize this likelihood and they 

found by iterative methods as proposed by Cox(1966) . 

obtaining the maximum likelihood  estimates of logistic regression model is 

equivalent to  finding the parameter estimates that maximize the log –likelihood 

function by solving the following problem: 

1

arg L( , )
n

T

i i

i

MAX z y





  

where: L  is the log-likelihood function given by: 

L( , ) y log ( ) (1 ) log(1 ( )T T T

i i i i i iz y F Z y F Z          , 1 2i , ,...,n   

The previous problem can be formulated 
1

0
n

T

i i i

i

y F( Z ) z


   as: 

1

arg ( , )
n

T

i i

i

MIN d z y






 

Where  

(.)d  is the  negative log-likelihood function  and is called deviance function.More 

formally , in literature , it is referred to as loss function. 

Differentiating the loss function  with respect to    yields the likelihood score 

equation: 

1

( ) 0
n

T

i i i

i

y F Z Z


    

solving this equation iteratively by either Newton -Raphson or scoring method results 

in maximum likelihood estimates. 
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The likelihood scoring equation is affected by outliers or extreme values and hence 

classical MLE is said  to be not robust.Therefore, several ronbust alternatives of MLE 

have been created to remedy this problem. 

This paper is organized as follows: 

First, illustration  of  different types of outlies  and their effect are presented in 

logistic regression 

Second, we derive the formula of  loss function for  some existing robust logistic 

regression estimators, along with  advantages and disadvantages for each estimator 

1-Outliers in Logistic Regression: (Sanizah Ahmad et al.2010) 

It  is  important  to  distinguish  between the  different  cases  of  outlying  

observations  in logistic  regression.  In  a  binary  logistic  model, outliers can occur 

in the Y-space, the X-space or in both spaces and  3  types of outliers are 

distinguished as follows: 

1-Y- Outlier(Vertical Outlier): 

Since in logistic regression the binary data of all y ‟s are either o or 1 For binary data, 

all the y‟s are 0 or 1, hence an error in the y direction can only occur as a transposition 

0→1 or 1→0. This type of  outliers is refereed to y-outlier or vertical outlier  outlier. 

2-  Leverage Outlier: 

An  observation  which  is  extreme  in  the  design space  X  is  called  a  leverage  

outlier  or  leverage point:  a  leverage  point  can  be  considered  good or bad.   

- good  leverage point: 

good  leverage point  occurs when 1Y   with  a large value of  ( 1| )iP Y x  or when 

1Y   with  a large value of  ( 1| )iP Y x .good leverage points are  not so  harmful  to 

logistic regression  because they usually corresponds to  small value of  Y  . 

- bad  leverage point: 

bad  leverage point  occurs when 1Y   with  a small  value of  ( 1| )iP Y x  or when 

1Y   with  a large value of  ( 1| )iP Y x .bad  leverage points corresponds to a large 

value of Y   and they are very important in logistic regression  because  they 

represent the misclassified observations. 



The 50
th

 Annual Conference on Statistics, Computer Sciences and Operation Research 27-30 Dec,2015 

 

   Cairo University-Institute of Statistical Studies and Research 

 

56 

 

A vertical outlier is an observation  is an observation whose residual with respect to 

the fitted value, given by 0( )Ty F z  is large.Hence,  the influence  of vertical 

outliers on the ML estimator is bounded since we always have 
0( ) 1Ty F z   . 

A good leverage point corresponds to an outlying z  value, but with a small value for 

0( )Ty F z  .When z increases, the value of the residual will typically tend much 

faster to zero than z to infinity, resulting in a small influence. Hence, it can be said 

that that good leverage points are not so harm for the ML-estimator. 

A bad  leverage point will always induce a large value of the difference between 

observed and fitted value.so , in general leverage points can be good or bad, 

depending on whether they have a small or large residual with respect to the imposed 

fit. 

An important measure which we propose in our simulation study to compare between 

different logistic estimators is the influence function 

Influence function (Hampel,1974) on a statistic  T   at  a point x   drawn from 

distribution  F   is simply defined as: 

( ) ( )
( , , ) lim

T F T F
IF T x F 

 


 , Where  X ~ F   if: 

1
~

F with probability
X

x with probability





  
 


 

 

Where F  is a mixture of  F    and a point x . 

Properties of the influence function 

The influence function behaves like the score function( the first derivative of the log-

likelihoof function) in parameter estimation.. if we denote ( , , )IF T x F as  a functional 

by (x)FL  , then,  it satisfy the following nice properties: 

1- (x) ( ) 0FL dF x   

2- 2

(x)( ( )) ( ) /n FVar T F L dF x n   

So the second property states that there is a heuristic relation between the influence 

function and the asymptotic variance of an estimate. This relation can be used to 

quickly obtain an expression for the asymptotic variance  and hence standard error of 
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the estimate .The maximum value of the influence function is called gross error 

sensitivity .Formally, the gross error sensitivity of an estimator T as a functional on F 

is defined as: 

 

* *

:IF(x,T,F)exists

( ,F) (x,T,F)sup
X

T IF  

 

2-Robust Estimators in Logistic Regression: 

The deviance function(loss function)d  of logistic regression is always  positive and it 

is continuous  and differentiable. 

So it can, generally, be replaced by another  general function    and the estimator of 

interest can therefore be defined by : 

1 1

arg ( ( , )) arg (d( , ))min min
n n

T

i i ML i i

i i

d z y s y
 

    
 

         (2.1)                                          

 where: the score value 
T

ii zs   is a linear combination of the vector parameter   

and where : (.)  is a positive, continuous and almost everywhere differentiable 

function and should satisfy )1;()0;( ss   . 

let )(s = )0;(s  gives for an observation for null y , the impact of a particular score 

s on the value of the objective function in  (2.1).So, when s  ,then,  implying that  

a  large negative  score is not contributing to the objective function.. 

In the following , different robust estimators in logistic regression are presented: 

(2.1) Pregibon estimator: 

Pregibon(1982) suggested  an estimator given by: 

argn Min  ( )
( )

i
i

i

d
h x

h x

 
 
 

, where  is a loss function and ( )ih x  is a factor   

Which control leverage  of each observation and id  is the negative log-likelihood or 

deviance function  of logistic regression. 

The particular loss function Pregibon(1982) suggested to use is the Huber  loss 

function(Huber,1964) which  is given by: 

1/2
( )

2( ) .

u u k
u

uk k o w


 
  

                                                                    (2.2) 
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Where  is k  a pre-specified tunning constant that controls robustness of the function. 

We can define this estimator , in terms of  log-likelihood as follows: 

Let i

T

i xBxf  )(                                 , ni ,...,2,1  

Then: 

( , ( ))i i i

i i

d l y f x                               , 1,0iy         , ni ,...,2,1                  

       = (0, ( )) (1, ( ))i if x f x   

       = 
( ) ( )

1 1
log( ) log( )

1 1i if x f x
e e


 

 
 

Now,  We can write ))(,( ii xfyl  as follows: 

( ( ))i il y f x                         , 0,1iy 
             

ni ,...,2,1  

= (1. ( ))il f x + (0. ( ))il f x = (1. ( ))il f x =
( )

1
log( )

1 if x
e





=
( )

log(1 )if x
e


  

So, instead of minimizing 
i

ii dd )( , we want to: 

1

( )
n

i i

i

Min y f



  

where:    

( )
( , ( )) log(1 )if x

i iy f x e


 
             1,2,...,i n                                                            

Now, the Pregibon function is defined as: 

Pr

1/2

log(1 ) log(1 )
( ) ( ( ))

2( log(1 )) .

u u

egibon

u

e e H
u u

H e H o w


 



    
   

           

Note:  

1 1 1u u H Hlog( e ) H e e u log( e )                                              
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Pregibon function can finally be be written as: 

Pr log(1 ) log( 1)
( )

0 .

u H

egibon e u e
u

ow

    
  
                                    (2.3) 

The estimates obtained by (3.3) have approximately 95% asymptotic relative 

efficiency when  2)345.1(H . 

So, in view of loss function, we get the following problem: 

Pr

1

( ( ))
n

egibon

i i

i

MIN y f x


    , where  Pr ( ( ))egibon

i iy f x  is as defined in (2.3) 

Advantages of Pregibon function : 

Pregibon function depends in its computation on Huber loss function which is a 

robust function .Using a  tunning constant equal 2)345.1( , we obtain  a high  

efficiency that reaches  95%. 

Disadvantages of Pregibon function : 

Pregibon function grows as u but less rapidly than the original function   

)(ul of the logistic regression. The resulting coefficient estimates become less 

sensitive to extreme observations. However, the value of )(upregibon  remains to be 

unbounded and hence the impact of outliers can still be large. 

(2.2) Copas estimator: 

Copas(1988) modeled  contamination of class labels in the training data. Specifically, 

he introduced a misclassification model in which each response is misclassified with 

probability  . As a result, the response y  could be 1 with probability )(* xP , where: 

*( ) (1 ) ( ) (1 ( ))P x x x      

              ( ) ( ) ( )x x x      

              = 1 2T T

MC MCF(x ) ( F(x ))      =  
T

MCG (x , )    
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  Where MCB denote the parameter under the misclassification model. Copas 

compared the two models: 

1- ( ) ( )Tx F x B     2-  *( ) ( , )T

MCP x G x B    

  and   concluded that  the latter model  is better  because it has the same robustness 

properties of the former but it had  less small to moderate sample size bias.  

In terms of  the log-likelihood function of logistic regression with )(* xP  instead of 

)(x  ,we have: 

    



n

i

iiiiii xxyxxyLOGL
1

)(21()(1log)1()(21()(log 
(2.4)

 

Let 1S  = ))(21()(log( ii xx   denote the first term of the sum in in (2.4), then : 

1S  = log( ( ) (1 2 ( ))i i iy x x    

       =
( ) ( )

1 2
log( ))

1 1i i
i f x f x

y
e e
 




 
=

( )

( )

1 ( 1)
log( )

1

i

i

f x

i f x

e
y

e





 


                (2.5) 

Let ))(21()(1log()1(2 xixyS ii   denote the second  term in (2.4), then : 

))(21()(1log()1(2 xixyS ii    

       =  1log()1( iy )( ix - -2 )(xi ) 

= 
)()(

1
2

1

1
1log()1(

ii xfxfi
ee

y








 ) 

=
( ) ( )

( )

1 1 (1 ) 2 )
(1 ) log[ ]

1

i i

i

f x f x

i f x

e e
y

e

 



     



 

( ) ( )

( )

1 1 ( 1)
(1 ) log[ ]

1

i i

i

f x f x

i f x

e e
y

e

 



   
 


 

= 
( ) ( )

( )

(1 )
(1 ) log[ ]

1

i i

i

f x f x

i f x

e e
y

e

 



 



= 

( ) ( ) ( ) ( )

( )

( . )
(1 ) log[ ]

1

i i i i

i

f x f x f x f x

i f x

e e e e
y

e

  



 



 



The 50
th

 Annual Conference on Statistics, Computer Sciences and Operation Research 27-30 Dec,2015 

 

   Cairo University-Institute of Statistical Studies and Research 

 

61 

 

= 
( ) ( )

( )

(1 )
(1 ) log[ ]

1

i i

i

f x f x

i f x

e e
y

e

 



 



= 

( ) ( )

( ) ( ) ( )

(1 )
(1 ) log[ ]

.

i i

i i i

f x f x

i f x f x f x

e e
y

e e e

 

  

 



 = 

( ) ( )

( ) ( )

(1 )
(1 ) log[ ]

( 1)

i i

i i

f x f x

i f x f x

e e
y

e e

 



 



= 

( )

( )

1
(1 ) log[ ]

1

i

i

f x

i f x

e
y

e


 




  

= 
( )

( )

1 ( 1)
(1 ) log[ ]

1

i

i

f x

i f x

e
y

e


 




                                                                               (2.6) 

Substituting from (2. 5) and (2. 6) into (2.4),then we get: 

( ) ( )

( ) ( )
1

1 ( 1) 1 ( 1)
[ log( ) (1 ) log( )]

1 1

i i

i i

f x f xn

i if x f x
i

e e
LogL l y y

e e






   
   

 
  

LogL  can be written as: 

( ) ( )

( 1) ( 0)( ) ( )
1

1 ( 1) 1 ( 1)
[ log( ) (1 ) log( )]

1 1

i i i i

i ii i i i

y f x y f xn

Y Y iy f x y f x
i

e e
LogL l I I y

e e

 

  


   
   

 
 , 

where I  denote the indicator function.Then: 

( )

( )
1

1 ( 1)
log[ ]

1

i i

i i

y f xn

y f x
i

e
LogL l

e






 
 


                                                                          (2.7) 

And hence Copas function can be defined as: 

1
( )

1 ( 1)

u
Copas

u

e
l u

e








 
                                                                                                    (2.8) 

And hence Copas function can be defined as: 

1
( )

1 ( 1)

u
Copas

u

e
l u

e








 
 

So, In view of loss function,we get the equivalent problem of  log-likelihood 

maximization in (2.7) as follows: 




n

i

ii

Copas xfyMIN
1

))((            ,  where   ))(( ii

Copas xfy   is as defined in (2.8) 

Advantages of Copas function : 
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Assuming the worst cases of classification, that is,classification error rate 

( )=0.5.Then, for any values of  smaller than 0.5, we find that ( )Copasl u  is a 

decreasing function in u  and bounded by  log  , hence, reducing the impact of 

outliers. 

Disvantages of Copas  function : 

Copas function depends in its computation  on the unknown parameter   which must 

be estimated.  

(2. 3) Croux Estimator: 

In order to overcome the problem of  Inconsistency of  Pregibon estimator and 

biasedness of  Copas estimator,  Biancoa and Yohai (1996) proposed  a consistent  

and more robust  version of Pregibon estimator  by adding  a bias correction term . 

Instead of minimizing    
1

n

i

i

d


 , they suggested to solve: 

1

( )
n

i i

i

Min d C


                                                                                   (2.9)              

where id is the negative log-likelihood function  and   iC  is a a bias correction term 

given by: 

( ( )) (1 ( ))iC G xi G xi      

The bias correction term can be written as: 

( , ) ( ( ) (1 ( ))C s y G F s G F s    , where: 

1
( )

1 s
F s

e 



  and  

Ts Z    as previously defined   

And :  
0

( ) ( ln )

t

G t u du                                                                               (2.10)                 

 where  this choice of  G  is made to make the estimate consistent. 
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So, the estimator of Bianco and Yohai, simply defined by BY  is a special case of  

(2.1) with the function    given by: 

( ) ( log(1 ( ))) ( ( )) (1 ( ))BY s F s G F s G F s                                     (2. 11) 

So, it is clear that the construction of Biancoa and Yohai estimator  depends on the 

choice of   function. Therefore, they suggested to use the following function: 






















wo
k

kt
k

t
t

t

.
2

2)(

2

  

Where  k  is a tunning robustness constant . 

Croux and Haesbroeck(2003) stated that the Bianco and Yohai estimator is consistent, 

asymptotically normal  and have good bias and robustness properties.However, by 

numerical experiments carried by them, they confirmed inconveniency of this 

estimator(i.e:the Bianco and Yohai estimator most frequently does not exist).One 

major disadvantage of the BY estimator as pointed above is that the estimator 

sometimes may not exist .Even with samples without any outliers , it may happen that 

the estimator explodes to infinity. 

A second disadvantage is that the derivative of the   function , given by: 




















wo

ktk
k

t

t

.0

0,1
)(  

Vanish for large values of  t  and misclassified observations  are severely 

downweighted while those observations that contain most of the information in 

logistic regression . 

They suggested a new form of the loss function as follows:  

     ( )
2 (1 ) (2(1 ) .

d

t d

te t d
t

e t e d d o w




 

  
  

      
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Where k   is a tunning robustness constant and it should be chosen  to reach a 

compromise  between robustness and efficiency. As  k  increase, the function gains in 

efficiency but loses in robustness. As  a compromiser , they suggested k 0.5 

The estimator  of Croux and Haesbroeck is given by : 

( ) ( log(1 ( )) ( ( )) (1 ( ))CH s F s G F u G F u        

we derive Croux and Haesbroeck function as follows: 

( ) ( ( )) ( ( )) (1 ( ))ch chu u G F u G F u                                                              (2.12) 

Where: 
1

( )
1 u

F u
e 


 ,    

( )
2 (1 ) (2(1 ) )

d

u d

u e u d
u

e u e d d u d




 

 
  

       

 

And  ( ( ))CH u  is obtained as follows: 

log(1 )

log(1 ) log(1 )
( ( ))

2 (1 log(1 )) (2(1 ) ) log(1 )
u

u d u

CH

e u d u

e e e d
u

e e e d d e d




  

    

   
 
         

 

( ( ))CH u  can  be written as: 

log(1 )

log(1 ) log( 1)
( ( ))

2 (1 log(1 )) (2(1 ) ) log( 1)
u

u d d

CH

e u d d

e e u e
u

e e e d d u e




 

   

    
 
          

 

1 1 1log( )
1 4 4

1 1

4 4

1 1 1 1
( 2( log( ))) log( 1)

1 2 1 1( ( ))
1 1 1

( 2( )) log( 1)
1 2 1

u de

u u u

d d

u u

e e e e
e e eG F u

e e e d e
e e

 

 


  



  




 

 
        

   
 
       

  

 

( ( ))G F u  can be written as follows: 
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1 1
log(1 ) 4 4
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



 
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1 1 1log(1 )
1 4 4
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   



  
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 

 

 
         

    
 
       
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1 ( ( ))G F u  can be written as follows: 

 

1 1
log(1 ) 4 4

1 1

4 4

1 1
( 2( log(1 ))) log( 1)

1 2
1 ( ( ))

1 1
( ) ( 2( )) log( 1)
1 2
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u

e e e e u e
e

G F u

e e e d u e
e

 

 


 




 
       

  
 

      
 

Now, combining similar terms together, we get: 

 

 

 

1 1

4 4

log( 1)

1 1
log(1 ) 4 4

log( 1)

1
log(1 ) 4
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

 

 
   

 

 
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 

 (2.13) 

where I denote the indicator function. 

So, In view of loss function, we get the equivalent problem of log-likelihood 

maximization : 
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1

( ( ))
n

CH

i i

i

MIN y f x


            ,  where   ( ( ))CH

i iy f x   is as defined in (2.12) 

Croux and  Haesbroeck estimator has the property that it exists whenever the ML-

estimator exists. They  provided  a fast and stable algorithm for its computation and 

showed in a simulation study the good performance of   that estimator with respect to 

other proposals. 

Also, they pro provided in (2008)  The weighted version of the Bianco and Yohai 

estimator which is defined as: 

 1

arg ( , )
n

T

n i i i

i

Min w Q Z y 


 
 

where the weights depend on the Robust Distance of the observation ix . This robust   

distance  iRD  is equal to the Mahalanobis distance of ix  to the center of the data 

cloud in the covariate space, with the center and covariance-matrix robustly 

estimated.The weights are generated as: 

2

,0.975( ) ( )pW t I t  
 

 
 
 (2.6)  Maximum Estimated Likelihood (MEL) and Weighted Maximum 

Estimated Likelihood(WEMEL) estimators: 

Rousseeuw and Christmann(2003) presented the weighted Estimated Maximum 

likelihood (WEML) estimator. 

Consider the following maximum likelihood estimator of T given (Y = y)  

fYTML  )0(ˆ
 

sYTML  )1(ˆ
 

Where f  and s  are the state of failure and success, respectively 

If we consider the conditional probability that 1Y   given ˆ
MLT , then:  
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0

1

ˆ( 1| ) 0

ˆ( 1| ) 1

ML

ML

p Y T if y

p Y T if y





  

  

                                                            (2.13) 

Where  y  is the observed value of   Y . Denoting (3.13) by Y , then we write: 

0 1(1 )i i iY Y Y     

Which is a weighted average of  0  and 1   with weights 1-Y   and Y. 

In a model with n observations, iy is obtained analogously as: 

0 1(1 )i i iy y y   
                                                                               (2.14)       

 

Which we call pseudo observations.  

 

Choice of 0  and 1 : 

If 0  and 1  are known from the context (e.g. from the type I and type II error 

probabilities) , then we can use these values. But in many cases, but  in many cases, 

0  and 1   are not given in advance. Copas (1988) found that accurate estimation of 

0  and 1  itself is very difficult is very difficult, if not possible unless n is extremely 

large.Note that Rousseeuw and Christmann  approach is somewhat similar to Copas 

approach. The „symmetric‟ approach used by Copas is to choose a single constant 

= 0  and 1 = 1 . On the other hand, there is something to be said about  

the„asymmetric‟ choice which takes into account how many y ‟s are 0 and 1 in the 

data set. When we consider the marginal distribution of the iy (that  is unconditional 

on ix ) , then we can construct some estimate   of the marginal success probability 

( 1)P Y  . In this case ,the best estimate of ( 1)P Y   is   =(number of iy =1)/ n (i.e, 

the average  of the iy ‟s( ) equal  .So , in a same manner, we want to choose 

0 and  1  
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Such that the average of pseudo observations equal  . 

0 1

1

1
(1 )

n

i

i

y
n

   


      

1 0 0       1 0(1 ) (1 )     
 

Which can be written as : 

01

1 0

1 

   




 
                              (2.15) 

Now, if we let the latter ratios equal a small positive number, say,  .Then, we can 

write both  

 0  and  1 as follows: 

1 11 ( )      
1

1
1










 1  = 1(1 )   

From which we get:
1

1

1









 .
Similarely, 0 0 0( ) (1 )          

 which 

leads to 0
1








 

Estimation of  probability: 

From(2.15), since the dominator cannot be negative, we conclude that: 

1    and 0  (i.e: 0 1    ) 

- When all iy ‟s=1 1     

-  When all iy ‟s=1 0    1     

So,   could be zero or 1.So, a natural idea is to bound   away from 0 and 1 by 

putting: 

max( ,min(1 , ))      or equivalently: 
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min( ,max(1 , ))      

With the last formula , we conclude that  is estimated robustly with the Minimax 

property of M-estimators. 

Missclassification probabilities(classification errors): 

When 1iY  , we have: 

1( 1| )ip Y T s          (correct) 

1( 0 | ) 1ip Y T s       (Missclassification) 

Similarely, 

When 0iY   

0( 0 | ) 1ip Y T f        (correct) 

0( 1| )ip Y T f      ((Missclassification) 

So, the misclassification probabilities are:  

11    and  0  

For the first type  of  Missclassification: 0  

0 =
1 1

 


 
 

 
 

For the first type  of  Missclassification: 1  

11 1  
1

1








=

(1 )

1 1

  


 


 

 
 

So, both types of  errors are  less than  . 

By simulation studies, Christmann showed  an appropriate choice  of    is 0.01   

which will lead to smaller classification errors. 
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To downweight leverage points in X-space, Christmann suggested the weighted 

maximum estimated likelihood with weight function given by: 

 *max ( ),
i

i

M
w

RD x M
  Where:  *

,2 .( ,..., )T

i i i px x x , *( )iRD x  is the robust 

Mahalanobis distance that depend on the minimum covariance determinant (MCD) 

estimator  and  M  is the 75th percentile of all *( )jRD x ,                         j=1,2,…,n.  

Advantages of Wieghted Estimated Maximum likelihood estimator: 

1- WEMEL always exist and id does not require the condition of overlap(i.e: it can 

always be computed ,even  in case of complete separation of the two groups) 

2-As, we have shown , WEMEL can be computed  when all values of y are 0 or 1. 

3- WEMEL is x-affine equivariant  

This property means that when   the  ix  are replaced by  ii Axx ~ , where A  is a non-

singular pp matrix, then the regression coefficients transforms accordingly. 

4- WEMEL  is equivariant with respect to recoding the response variable 

MEL estimate is the value that maximizes the log-likelihood: 


1

log log ( ) (1 ) log(1 ( )}
n

i i i i

i

L y x y x 


     

  0 1 0 1

1

(1 ) log(max( ,min(1 ), )) [(1 (1 ) )](log(min( ,min(1 ), ))}
n

i i i i

i

y y y y         


        

  

  0 1 0 0 0 1

1

( ) log(max( ,min(1 ), )) [(1 ) ( ) ](log(min( ,min(1 ), ))}
n

i i

i

y y           


        

  

 

 

0 1 0

0 0 1

( )

1 ( )
1

(max( ,min(1 ), ))
log

(min( ,min(1 ), ))

i

i

yn

y
i

  

  

  

  

 

  


  
  

  


                                                 (2.16)

 

Where: 
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( 1)ip Y    

And in view   of loss function, we get: 

 

 

1 ( )0 0 1

( )0 1 0

(min( ,min(1 ), ))

(max( ,min(1 ), ))
( )

ui

ui

MEL e
u

e

  

  

  

  

  

 




  

So, the problem becomes: ( )MEL

iMin y    , where ( )MEL

iy    is as given in (2.16)  
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