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ABSTRACT 

In this paper, we identify multimorbidity patterns among elderly patients and determine their im-

pact on length of hospitalization (LOH) until death and on mortality. The study utilized a sample 

of 984 elderly general clinic patients aged 50 years or older extracted from clinical data main-

tained at the Kwadaso S.D.A hospital in Ghana. Multimorbidity patterns were identified by ex-

ploratory tetrachoric factor analysis using a threshold of 0.5 in absolute value. To determine their 

impact on the LOH until death and on mortality, accelerated failure time (AFT) models, specifi-

cally the exponential and Weibull models were employed. Three multimorbidity patterns were iden-

tified: cardio-metabolic and pain disorders (CMPD), cardio-pulmonary disorders (CPD), and gas-

trointestinal, low back pain and anxiety disorders (GLAD). However, the Weibull model 

(AIC=239.7) provided a better fit when compared to the exponential model (AIC=259.3). Hence, 

results from the Weibull model revealed that the median LOH until death for patients with CMPD 

compared to those with GLAD was decreased by a factor of 0.46. Similarly, among patients with 

CPD compared to those with GLAD their median LOH until death was decreased by a factor of 

0.45. Additionally, the estimated median LOH until death were approximately 16 days for patients 

with CMPD and patients with CPD, and 35 days for those with GLAD. Hospitalized elderly pa-

tients with these multimorbidity patterns, especially those with CPD and patients with CMPD were 

vulnerable to increasing likelihood of mortality.  

INTRODUCTION 

The co-existence of two or more chronic dis-

eases in the same individual, a condition com-

monly known as multimorbidity (van den Akker 

et al., 1996) has become a global phenomenon. 

Its occurrence tends to increase with age and 

therefore it is more common among elderly indi-

viduals (Barnett et al. 2012). In an Australian 

biomedical study, Taylor et al. (2010), estimated 

the prevalence of multimorbidity as 4.4%, 

15.0% and 39.2% in persons aged 20-39, 40-59 

and 60 years or older respectively. Similarly, in 

another study by Prados-Torres et al. (2012), the 

prevalence of multimorbidity was estimated as 

13% in people aged 15-44 years, 43% in 45-64 

years and 67% in individuals aged 65 years or 

older in primary care centers in Spain. 

The original statistical approach of identifying 

multimorbidity patterns started with the applica-

tion of cluster analysis (John et al., 2003; Cor-

nell et al., 2007). However, the main disadvan-

tage with this statistical approach is that the as-



sociation of diseases with multiple clusters or 

patterns is impossible, whereas in reality some 

diseases may be associated with more than one 

pattern. For that reason, Schäfer et al. (2010) 

used exploratory tetrachoric factor analysis as a 

new approach for clustering diseases and this 

permitted diseases to be associated with more 

than one pattern. 

Multimorbidity poses a wide range of challenges 

to population health worldwide. It accounts for 

poor physical function (Kadam et al., 2007), 

impairments in quality of life (Hunger et al., 

2011), higher mortality, increased medical cost 

(Glynn et al., 2011) and increased health care 

utilization (Glynn et al., 2011; van den Bussche 

et al., 2011). With these challenges, only a few 

statistical models including multinomial regres-

sion (Hudon et al., 2008), multivariate logistic 

regression (Marengoni et al., 2011), and general-

ized additive regression (Hunger et al., 2011) 

have been utilized in previous studies.  How-

ever, in the context of multimorbidity and its 

related challenges, no literature appears to exist 

on the use of survival analysis. Therefore, this 

study may well be the first to apply parametric 

survival models to study the impact of specific 

multimorbidity patterns on the survival time of 

patients.  

The primary objective of this study is to statisti-

cally identify significantly occurring clusters of 

chronic diseases (i.e. multimorbidity patterns) 

among elderly patients. The secondary objec-

tives are to determine the impact of the multi-

morbidity patterns on the LOH until death and 

analyze their impact on mortality among elderly 

general clinic patients using the Kwadaso S.D.A 

hospital in Kumasi, Ghana, as a case study.  

The outcomes of such a study should help to 

elucidate which chronic diseases are most 

closely associated with each other and which are 

not in association and also provide indications as 

to the health care needs dictated by the different 

multimorbidity patterns. Additionally, it would 

provide guidance as to which multimorbidity 

pattern is more life threatening than the other.  

Statistical Analyses 

Methods from both multivariate and survival 

analysis are used in this paper. In the multivari-

ate analysis, we employ factor analysis by ex-

tracting factors from a tetrachoric correlation 

matrix. Tetrachoric correlation is used because 

the diagnostic variables were artificially dichoto-

mized (Kubinger, 2003), i.e. 0 = nonexistence of 

disease, 1 = existence of disease. Moreover, it 

was assumed that factors would be correlated; 

therefore oblique rotation is used. The number of 

factors retained is based on the eigenvalue 

greater than 1 rule. Nevertheless, the resulting 

factors are interpreted as multimorbidity patterns 

(i.e. clusters of significantly associated chronic 

diseases). Moreover, prevalence of these pat-

terns are computed by assigning patients to any 

of the patterns if they had at least two diseases 

with a factor loading of 0.50 or more in absolute 

values on the corresponding pattern.  

However, in the survival analysis we utilize pa-

rametric survival models, specifically exponen-

tial and Weibull models. Once again, we assume 

that the presence of any of the multimorbidity 

patterns in patients would affect their LOH. 

Therefore, the impact of the identified multimor-

bidity patterns on the LOH until death and their 

impact on mortality are based on AFT models 

(Kleinbaum and Klein, 2005). When performing 

the analysis the linear predictor is set equal to 

the intercept in the reference pattern (i.e. by cod-

ing the third multimorbidity pattern as 0): this 

defines the baseline hazard. Also, because we 

are interested in the LOH until death, the LOH 

for subjects who were discharged are considered 

right censored (i.e. time becomes incomplete at 

the right side). In doing so the variable censor 

was given two codes, i.e. 0 and 1 to indicate 

whether LOH until death is known (non-

censored) or not (right censored) respectively. A 

5% level of statistical significance is used 

through-out the survival analysis.  

The analyses by these statistical techniques are 

computationally implemented by the use of the 

following statistical software packages: the tetra-

choric correlation matrix is computed using 



ViSta (version 6.4) software package, while ex-

ploratory tetrachoric factor analysis and survival 

analysis are carried out with SAS (version 9.1). 

In the case of the exploratory tetrachoric factor 

analysis the tetrachoric correlations matrix ob-

tained from ViSta is read into SAS after which 

factor analysis is performed. All graphical pro-

cedures are carried out with MATLAB. 

 

Tetrachoric correlation 
According to Pearson (1900), tetrachoric corre-

lation is a product-moment correlation between 

two unobserved quantitative variables that have 

been measured on a dichotomous scale. When a 

sample of N subjects has each been measured on 

two dichotomous variables X1, X2, the sampled 

data can be summarized in a 2 x 2 contingency 

table (Bonnet and Price, 2005). Then the tetra-

choric correlation coefficient is the parameter 

value for which the volumes of the double di-

chotomous bivariate standard normal distribu-

tion equal the joint probabilities of the contin-

gency table (Long et al., 2009). If we denote the 

four cell frequencies by a, b, c d  and the joint 

probability is chosen to be the probability a/N, 

then the tetrachoric correlation, rt  is the correla-

tion that satisfies 

ance matrix S. The factor analysis model ex-

presses each variable as a linear combination of 

the underlying common factors F1, F2, …, F2, 

with p additional sources of variation 1, 2, …,  

  called errors, or sometimes, specific factors. 

For X1, X2, …, Xp in any observation vector X, 

the factor analysis model is given by Equation 2: 
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Where, (X1, X2, rt) is the bivariate normal prob-

ability density function (pdf), z1 and z2 denote 

the standard normal deviates corresponding to 

the marginal probabilities (a + c)/N and (a + b)/

N respectively, that is, 
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Where, F is the cdf of the standard normal distri-

bution.  

 

Factor analysis  

Given a sample X1, X2, …, Xp from a homogene-

ous population with mean vector m and covari-

(2) 

Or in matrix notation, it is given by Equation 3: 

(3) 

Where 

and 

The coefficient    is called the loading of the 

ith variable on the jth factor, so the matrix L is 

the matrix of factor loadings.  

We assume that 

and 

and that F and e are independent, so   



Parametric survival models 

Parametric survival models are a class of models 

in which the distribution of the outcome (i.e. 

time to event) is specified in terms of unknown 

parameters. Many parametric models are also 

accelerated failure time (AFT) models in which 

survival time is modeled as a function of predic-

tor variables.  

Let Ti be a random variable representing the 

survival time of the i-th unit. The general form 

of an accelerated failure time (AFT) model is 

given by Equation 4: 

so 

These assumptions and the relation in equation 

(3) constitute the orthogonal factor model. The 

orthogonal factor model implies a covariance 

structure for X and so 

Therefore, the tetrachoric correlation matrix, Rt 

was used as the covariance structure for X. 

However, the factors were extracted by the prin-

cipal factor method by factoring the tetrachoric 

correlations matrix. This method uses an initial 

estimate    and factors  to obtain  

Where,  of order p x m and is obtained by 

using eigen values and eigenvectors of  

Finally, the oblique rotation was applied. It uses 

a general nonsingular transformation matrix Q to 

obtain  and by  

Hence, the new factors F* are correlated. 

(4) 

where log(Ti) is the log of survival time, bAFT is 

the vector of AFT model parameters correspond-

ing to the covariate vector Xi, e is a random 

“error” term, s is a scale factor. In general, the 

vector of covariates or explanatory variables 

may affect survival time and it may be continu-

ous or discrete variable. However, choosing dif-

ferent distributions for e, we can obtain different 

parametric distributions such as Exponential, 

Weibull, Gamma, etc.  

 

RESULTS AND DISCUSSION 

Table 1 shows the population distribution strati-

fied by age and sex. The study population con-

sisted of 984 patients aged 50 years or older. 

Males constituted 42.3% of this figure and their 

modal age group was 55-59 years. However, 

57.7% were females and their modal age group 

was 50-54 years. 

Table 2 presents the loadings of the factors re-

tained by the factor analysis model. The first 

three eigenvalues 4.39, 1.98 and 1.26 were the 

only eigenvalues greater than 1. Therefore, three 

factors were retained on the basis of eigenvalues 

greater than 1 rule. These factors accounted for a 

Age groups 

 50-54 years 55-59 years 60-64 years   ≥ 65 years   Overall 

Sex n % n  % n %   n   %   n   % 

Males 83 8.4 126 12.8 82 8.3 125 12.7 416 42.3 

Females 172 17.5 85 8.6 156 15.9 155 15.8 568 57.7 

Table 1: Population distribution stratified by age and sex 



cumulative proportion of 0.83 of the total vari-

ance. Also, the overall Kaiser’s measure of sam-

pling adequacy was 0.57. These figures suggest 

that the factor analysis model is reasonable. 

The first factor is characterized by high loadings 

for diabetes mellitus and hypertension, and mod-

erate loadings for arthritis and migraine, there-

fore this could be interpreted as multimorbidity 

pattern of cardio-metabolic and pain disorders 

(CMPD). The second factor could be named 

multimorbidity pattern of cardio-pulmonary dis-

orders (CPD) due to the substantial loadings for 

asthma, congestive heart failure, and moderate 

loading for stroke. Finally, the third factor is 

recognized by moderate loadings for gastritis, 

peptic ulcer disease, anxiety and low back pain, 

therefore named as multimorbidity pattern of 

gastrointestinal, low back pain and anxiety dis-

orders (GLAD). Liver cirrhosis/hepatoma and 

kidney stones were not associated with any of 

the factors.  

The prevalence of CMPD, CPD, and GLAD are 

presented in Table 3. CMPD was the most com-

mon multimorbidity pattern with total preva-

lence of 28.2%, followed by CPD (13.9%) and 

lastly by GLAD also with total prevalence of 

10.1%. CMPD was almost the same in males 

(14.2%) as in females (13.9%). Both CPD and 

GLAD were more common in females (8.6%; 

6.6%) than males (5.3%; 3.5%). However, our 

results indicate that the identified multimorbidity 

patterns as a whole were common among fe-

males (29.2%) than males (23.0%). Generally, 

52.2% of the elderly general clinic patients had 

at least one of the three multimorbidity patterns.  

Moreover, the prevalence of CMPD was 2.7%, 

2.8%, 8.9% and 13.6% in patients aged 50-54, 

55-59, 60-64 and 65 years or older respectively. 

In the same age groups the prevalence of CPD 

was estimated respectively as 2.1%, 1.9%, 4.5% 

and 5.3%. Prevalence rates were 1.3%, 1.7%, 

2.6% and 4.4% for GLAD among patients aged  

50-54, 55-59, 60-64 and 65 years or older re-

spectively.  

Results from the exponential model are shown in 

Table 4. The parameter estimate of the intercept 

was 4.58. This is the baseline hazard and it re-

flects the underlying hazard for patients with 

Table 2: Oblique rotated loadings of the factors retained 

   Factor 1  Factor 2 Factor 3 

Cumulative proportion  0.48 0.69 0.83 

Eigenvalues  4.39 1.98 1.26 

Arthritis -0.53  0.18  0.10 

Asthma -0.13  0.90 -0.09 

Liver cirrhosis/hepatoma  -0.23  0.09 -0.30 

Diabetes  0.89  0.17 -0.02 

Gastritis  0.04 -0.05  0.75 

Congestive heart failure  0.33  0.98  0.02 

Peptic ulcer -0.09  0.32  0.51 

Anxiety  0.13  0.04 -0.53 

Migraine -0.57  0.15 -0.47 

Hypertension  0.89  0.18  0.04 

Stroke -0.40  0.55 -0.31 

Low back pain  0.18 -0.09  0.69 

Kidney stones -0.29  0.19 -0.42 

Kaiser’s Measure of Sampling Adequacy: Overall = 0.57 



GLAD. Also, the parameter estimates for CMPD 

and CPD were -1.28 and -1.33 respectively. 

However, the p-values indicate that both CMPD 

and CPD were significantly associated with the 

log of the LOH until death. Moreover, the 

Akaike’s information criterion (AIC) for the 

exponential model was 259.3. 

Secondly, the results of the Weibull model 

shown in Table 5 revealed that the parameter 

estimates for the intercept, CMPD and CPD 

were 3.92, -0.77 and -0.80 respectively. The 

intercept together with the slope parameters for 

CMPD and CPD were significantly associated 

with the log of the LOH until death at 5% level 

of statistical significance. The AIC for the 

Weibull model was 239.7. However, a smaller 

AIC for the Weibull model suggests that the 

Weibull model provides a better fit when com-

pared to the exponential model. Hence, the 

Weibull model was selected and used to further 

the analysis. 

Figure 1 displays the graphical procedure for 

checking the adequacy of the Weibull model. 

The resulting lines are approximately straight, 

therefore suggesting that the Weibull assumption 

is reasonable. Moreover, the lines appear to have 

Table 3: Prevalence of CMPD, CPD and GLAD (Overall =52.2%)  

  CMPD CPD GLAD 

Sex       

Male (23.0%) 14.2% 5.3% 3.5% 

Female (29.2%) 13.9% 8.6% 6.6% 

Age       

50-54 2.7% 2.1% 1.3% 

55-59 2.8% 1.9% 1.7% 

60-64 8.9% 4.5% 2.6% 

≥65 13.6% 5.3% 4.4% 

Overall 28.2% 13.9% 10.1% 

  Estimate Standard Error 95% Confidence Limits p-value 

Intercept 4.58 0.33 3.93 5.23 < 0.0001 

CMPD -1.28 0.38 -2.02 -0.54    0.0007 

CPD -1.33 0.40 -2.12 -0.54    0.0009 

GLAD  0.00         

Weibull shape  1.00 0.00 1.00 1.00   

Model AIC 259.3         

Table 4: Parameter Estimates of the Exponential model for CMPD, CPD and GLAD  



the same slope (i.e., are parallel), also suggesting 

that the AFT assumption holds for the Weibull 

model. Therefore, these together indicate that the 

Weibull model is adequate.    

Results of Equations (5) and (6) indicate that, 

the acceleration factor for CMPD compared to 

GLAD was 0.46, and that of CPD compared to 

GLAD was 0.45. These results suggest that the 

  Estimate Standard Error 95% Confident Limits p-value 

Intercept 3.92 0.21  3.50 4.35 < 0.0001 

CMPD -0.77 0.23 -1.24 -0.31    0.0011 

CPD -0.80 0.25 -1.29 -0.31    0.0015 

GLAD  0.00   . .   

Scale 0.59 0.06 0.48  0.73   

Weibull shape  1. 69 0.18 1.37  2.1   

Model AIC 239.7         

Table 5: Parameter Estimates of the Weibull model for CMPD, CPD and GLAD 

Fig.1: Adequacy of the Weibull model 



median (or any other quartile of) LOH until 

death was decreased by a factor of 0.46 for indi-

viduals with CMPD compared to those with 

GLAD. Similarly, among patients with CPD 

compared to those with GLAD the median (or 

any other quartile of) LOH until death was de-

creased by a factor of 0.45.  

The graph of the estimated Weibull hazard func-

tions for CMPD, CPD and GLAD are shown in 

figure 2. The resulting curves represent the like-

lihood of mortality associated with each of the 

multimorbidity patterns. From this figure, the 

likelihood of mortality increased with the length 

of hospitalization for all the multimorbidity pat-

terns. For the case CPD and CMPD increasing 

likelihood of mortality were consistently and 

substantial higher than GLAD. The likelihood of 

mortality among patients with CMPD, CPD, and 

GLAD were around 0.38, 0.39 and 0.16 respec-

(CMPD Vs. GLAD) = exp(-0.77) = 0.46 (5) 

(CMD Vs. GLAD) = exp(-0.80) = 0.45 (6) 

Table 6 displays the LOH until death among 

patients with CMPD, CPD and GLAD. The esti-

mated median LOH until death were approxi-

mately 16 days for patients with CMPD and 

patients with CPD, and 35 days for those with 

GLAD. Results of the first and third quartile for 

CMPD and CPD were also similar. However, it 

is evident that the impact of CMPD and CPD on 

the LOH until death were almost the same.  

  CMPD CPD GLAD 

First quartile 32.4 31.6 70.2 

 Second quartile 

(Median) 

16.2 15.8 35.1 

Third quartile 6.7 6.6 14.6 

Table 6: Estimated Weibull LOH until death 

for CMPD, CPD and GLAD (in days) 

Fig. 2: Weibull hazard curves for CMPD, CPD and GLAD 



tively on the 10th day of hospitalization. The 

figures increased to about 0.58, 0.59 and 0.34 for 

these same conditions on the 20th day. These 

figures suggest that mortality was highly prob-

able among patients with CPD, followed by 

those with CMPD and lastly by patients with 

GLAD. 

 

CONCLUSION 

We have in this paper, identified multimorbidity 

patterns among elderly patients and determined 

their impact on length of hospitalization (LOH) 

until death and as well as on mortality. Utilizing 

a sample of 984 elderly general clinic patients 

aged 50 years or older extracted from clinical 

data maintained at the Kwadaso S.D.A hospital 

in Ghana, multimorbidity patterns were identi-

fied by exploratory tetrachoric factor analysis 

using a threshold of 0.5 in absolute value. For a 

determination of their impact on the LOH until 

death and on mortality, accelerated failure time 

(AFT) models, specifically the exponential and 

Weibull models were employed. Three multi-

morbidity patterns were identified, namely: 

cardio-metabolic and pain disorders (CMPD), 

cardio-pulmonary disorders (CPD), and gastro-

intestinal, low back pain and anxiety disorders 

(GLAD). These affected a sizeable proportion of 

our sample. We found that the likelihood of 

mortality for patients with these multimorbidity 

patterns incrementally increased with the length 

of hospitalization. However, patients with CPD 

and patients with CMPD were the most vulner-

able. Therefore, mortality was highly probable in 

patients with the CPD, followed by those with 

CMPD and finally by patients with GLAD.  

These multimorbidity patterns are clearly sig-

nificant health problems among elderly general 

clinic patients of Kwadaso S.D.A hospital. It is 

apparent that medical professionals may need to 

exercise extra caution when treating similar 

groups of patients with these conditions, espe-

cially regarding CPD and CMPD. Finally, fur-

ther studies on more representative samples are 

required to confirm the existence of such multi-

morbidity patterns and their impact in the gen-

eral population of Ghana.  
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APPENDIX 

                    Kaiser's Measure of Sampling Adequacy: Overall MSA = 0.56882417 
 

Eigenvalues of the Reduced Correlation Matrix: Total = 9.229  Average = 0.709 

 

                             Eigenvalue    Difference    Proportion    Cumulative 

 

                        1    4.38525301    2.40494339        0.4751        0.4751 
                        2    1.98030961    0.71950031        0.2146        0.6897 

                        3    1.26080930    0.27769174        0.1366        0.8263 

                        4    0.98311756    0.49214576        0.1065        0.9328 
                        5    0.49097181    0.29160384        0.0532        0.9860 

                        6    0.19936796    0.03956447        0.0216        1.0076 

                        7    0.15980349    0.02605816        0.0173        1.0249 

                        8    0.13374533    0.08587016        0.0145        1.0394 

                        9    0.04787517    0.09016959        0.0052        1.0446 

                       10    -.04229442    0.02598174       -0.0046        1.0400 
                       11    -.06827617    0.03905949       -0.0074        1.0326 

                       12    -.10733566    0.08629802       -0.0116        1.0210 

                       13    -.19363367           -0.0210        1.0000 
 

 

                                                      Factor1         Factor2         Factor3 

         Var1       Arthritis                        -0.53448       0.18282         0.10424 

         Var2       Asthma                           -0.12694       0.89595        -0.08577 

         Var3       Liver cirrhosis/Hepatoma         -0.22662       0.09412        -0.29666 
         Var4       Diabetes                          0.89443         0.16839        -0.01976 

         Var5       Gastritis                         0.04267        -0.05451        0.74584 
         Var6       Congestive heart failure          0.33190        0.98051          0.01515 

         Var7       Peptic ulcer disease             -0.09010       0.32387          0.50809 

         Var8       Anxiety                           0.13318         0.03876        -0.52663 
         Var9       Migraine                         -0.57120        0.15208        -0.46558 

         Var10      Hypertension                      0.89431         0.18105         0.04402 

         Var11      Stroke                           -0.40005        0.55155        -0.30965 
         Var12      Low back pain                     0.17786        -0.08980         0.69244 

         Var13      Kidney stones                    -0.28500       0.18536         -0.42123 

                           Name of Distribution                Exponential 
                           Log Likelihood                     -125.6325764 

 

 
                               Number of Observations Read         154 

                               Number of Observations Used         154 

                
                                            Standard   95% Confidence     Chi- 

 

                  Parameter          DF Estimate    Error       Limits       Square Pr > ChiSq 
 

             Intercept             1   4.5827   0.3333   3.9294   5.2360  189.01     <.0001 

             pattern        CMPD   1  -1.2811   0.3773  -2.0206  -0.5416   11.53     0.0007 
             pattern        CPD    1  -1.3304   0.4014  -2.1171  -0.5437   10.99     0.0009 

             pattern        GLAD   0   0.0000    .        .        .         .        . 

             Scale                 0   1.0000   0.0000   1.0000   1.0000 
             Weibull Shape        0   1.0000   0.0000   1.0000   1.0000 

 

 
 

 



The LIFEREG Procedure 
 

                                          Model Information 

 
                           Data Set                    WORK.MULTIMORBIDITY 

                           Dependent Variable                    Log(days) 

                           Censoring Variable                       censor 
                           Censoring Value(s)                             1 

                           Number of Observations                       154 

                           Noncensored Values                            61 
                           Right Censored Values                         93 

                           Left Censored Values                           0 

                           Interval Censored Values                       0 
                           Name of Distribution                     Weibull 

                           Log Likelihood                        -115.8268365 

 

                               Number of Observations Read         154 

                               Number of Observations Used         154 

 
                                    Type III Analysis of Effects 

 

                                                      Wald 
                             Effect       DF    Chi-Square    Pr > ChiSq 

 

                             pattern       2       11.8350        0.0027 
 

 
 

                                            Standard   95% Confidence     Chi- 

             Parameter          DF Estimate    Error       Limits       Square Pr > ChiSq 
 

             Intercept             1   3.9246   0.2189   3.4956   4.3537  321.48     <.0001 

             pattern       CMPD   1  -0.7739   0.2363  -1.2371  -0.3107   10.72     0.0011 
             pattern       CPD    1  -0.7992   0.2513  -1.2916  -0.3067   10.12     0.0015 

             pattern       GLAD   0   0.0000    .        .        .         .        . 

             Scale                 1   0.5903   0.0634   0.4782   0.7287 
             Weibull Shape        1   1.6940   0.1820   1.3724   2.0911 

 

         
 


