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ORIGINAL INVESTIGATION

Use of the Barthel Index, mini mental status examination
and discharge status to evaluate a special dementia care unit
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Background: when dementia patients are grouped according to their ordinal Barthel Index and Mini Mental
Status Examination sum scores, it is not clear which portions of the data should be used when valid classifica-
tions are developed. Criteria used for classification of patients must be stochastically independent.
Objectives: the relationship between Barthel-Index, Mini-Mental State Examination sum scores and discharge
status was investigated to develop subgroups of dementia patients. The developed classification uses sto-
chastically independent information and can be used to evaluate special care units.

Methods: we used an unrestricted partial credit model to assess the possible scores on the Barthel-Index. We
investigated the individual effects of items on the Barthel sum score by using non-parametric conditional-infer-
ence-regression trees. The relationships between Barthel score, Mini Mental Status score, and discharge status,
in terms of classifying the dementia patients into subgroups, were investigated using a latent class analysis.
Results: an interval scale Barthel-Index did not yield a significant improvement versus the ordinal Barthel-Index
sum score. Differences in Barthel-Index were meaningful only in the context of three groups using four items.
A classification of dementia patients in latent classes could be developed using three Barthel — and Mini Mental
Status-Groups and the discharge status of patients who were living at home before admission. Three Barth-
el — and Mini Mental Status Groups can be combined with the discharge status of those patients who live at
home before admission. A combination of a high Barthel — with a low Mini-Mental-Status-group has the highest
probability to live no longer at home after discharge.

Discussion: the relative frequency of living at home after discharge in different Barthel and Mini Mental Status
subgroups could be compared between different acute hospitals as an indicator of service quality for demen-
tia patients. A high risk group is identified by a combination of a high Barthel- and a low Mini Mental Status
Examination Group.

Key words: Special Dementia Care Unit, Evaluation, Classification of Dementia Patients, Measurement, Bar-
thel-Index, MMSE

INTRODUCTION differs markedly in terms of weighting. Therefore, as
highlighted by current research, use of the ordinal total

Several studies have demonstrated that the Barthel Bl sum score is problematic.

Index (Bl) sum score is not reliable, because it repre-  Barer et al. * reduced the number of answer options for

sents neither interval nor uni-dimensional data ' 23 each Blitem to two, resulting in a clear hierarchy among

Furthermore, the simple ‘raw data’ of each Bl item  the 10 items. Sum scores can then be interpreted as
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representative of a certain pattern of indicators. Several
researchers have attempted to develop different ver-
sions of the Bl with fewer items %6, Others have focused
on differences in Bl item weights ”.

We changed the weighting of the items as per Table |,
and then examined the overall fit of a partial credit
model. The maximum modified raw Bl score is 20.

MATERIAL AND METHODS

We investigated whether Bl scores could be combined
with Mini-Mental State Examination (MMSE) scores and
discharge status to categorise patients in a latent class
model. By using these data in combination, a hospital
may easily ascertain the percentage of patients who
no longer live alone after discharge, even if they lived
alone pre-admission; in combination with being in the
highest Bl and low MMSE groups, such dementia pa-
tients might be at risk of poor hospital service. Variabil-
ity in discharge status was compared among different
subgroups of patients (classified according to Bl and
MMSE scores).

In total, 214 patients in the special dementia care unit
of Malteser Hospital, St. Hildegarde, Cologne, Germany
between 2014 and 2015 were included in the study.
These patients had a primary or secondary diagnosis of
dementia and an MMSE sum score below 28. Patients
without dementia and those with a MMSE sum score
above 27 on discharge were excluded. In terms of pa-
tient demographics, 25% of the patients were male and
75% were female; 25% were aged 64-78 years, 25%
were 79-84 years, 25% were 85-88 years, and 25%
were 89-98 years.

The Bl was administered by nursing staff upon both ad-
mission and discharge. We used discharge Bl scores
in analyses.

RAscH ANALYsSIS

We used a partial credit model to analyse data related
to items with more than two answer options. This mod-
el extends on the probabilistic one-parameter logistic
Rasch model discussed by Rost & and Strobl °, in which
the probability of providing a certain answer to a given
item depends on the relationship between the item’s
difficulty and the ability of the responder.

In a Rasch model, the probability that a person with
a certain level of ability will score positively on an ADL
item is a logistic function of the difference between that
person’s ability (i.e. their Bl sum score) and the difficulty
of the ADL to which the item pertains (e.g., the ‘toilet’
ADL). If the ability of a person is equal to the difficulty
of an ADL, the probability of success is 0.5. When the
person’s ability exceeds the difficulty of the ADL, the

probability that the ADL will be completed successfully
increases.

A good global Rasch model fit is indicated by a total-
item chi-square probability greater than 0.05.

The Rasch model requires that all Bl items are meas-
ured using a single underlying construct. All items that
are summarised by a sum value are assumed to be
one-dimensional. Another assumption is that the items
are locally independent; i.e. the answer to one item
should not determine the answer to any other item. We
tested whether the model residuals were associated,
where local dependence is indicated by residuals being
highly positively correlated. Furthermore, we analysed
the loadings of items in a principal components analysis
of the residuals.

We used a pairwise algorithm to estimate Rasch model
parameters using the RUMM2020 and RUMM2030
software packages (RUMM Laboratory Pty Ltd., Dun-
craig, Australia).

The overall model fit was evaluated using the chi-square
test of model fit (item-trait interaction). Individual item
fit was tested using the item residuals, calculated as
the difference between the observed and the expected
values for each item. According to Andrich 0, item
residuals should be between -2 and 2. We used the
person separation index to assess the extent to which
the model distinguished between respondents accord-
ing to their ability.

We also assessed differences in item functioning (DIF)
for subgroups defined according to cognitive status
(MMSE scores below 20 versus MMSE scores 20 or
higher). An additional consideration was the answer
option thresholds: if ordinal items are changed to an in-
terval scale, the correct answer option thresholds must
also be preserved.

To calculate sample size, we referred to Linacre "', who
proposed a minimum sample size of 108 cases for pre-
cision to 0.5 logits, and a confidence interval of 99%,
for tests with less than 30 items during Rasch model
testing. We also used the RUMM2030 software for the
power calculation.

REGRESSION TREES

Regression tree algorithms are commonly used and
have been applied in recursive partitioning by Strobl,
Malley, and Tutz . This technique involves dividing a
sample such that the resulting subgroups, with respect
to the value of the dependent variable, exhibit maximal
in-group homogeneity and maximal between-group
heterogeneity. The conditional inference trees of Ho-
thorn, Hornik, and Zeileis '® represent an alternative
to the least squares method, and involve significance
tests based on permutations of the items. An exhaus-
tive search was conducted during partitioning of the
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Table 1. Scoring of Barthel Index items: original versus modified version. All values represent points scored.

Barthel item Unable to perform | Able to perform with assistance Able to perform independently
1. Feeding (original) 0 5 10
Feeding (modified) 0 1 2
2. Transfer (chair/bed) (original) 0 5-10 15
Transfer (chair/bed) (modified) 0 1-2 3
3. Grooming (original) 0 0 5
Grooming (modified) 0 0 1
4. Toilet (original) 0 5 10
Toilet (modified) 0 1 2
5. Bathing (original) 0 0 5
Bathing (modified) 0 1
6. Walking (original) 0 5-10* 15
Walking (modified) 0 1-2 3
7. Stairs (original) 0 5 10
Stairs (modified) 0 1 2
8. Dressing (original) 0 5 10
Dressing (modified) 0 1 2
9. Bowels (original) 0 5 10
Bowels (modified) 0 1 2
10. Bladder (original) 0 5 10
Bladder (modified) 0 1 2
* With walker/wheelchair

sample, and the selection for the next split was based
on items with the highest significance.

The C-Tree algorithm avoids overfitting of the model to
the data. We used those Bl items that were detected in
a regression analysis of the original Bl sum score and
the Bl groups classified by the regression trees. The R
Party software package was used for the analysis .

Latent CrLass AnALysis (LCA)

The latent class model is one example of mixed distribu-
tion or ‘mixture’ models, which are designed to detect
‘unobserved heterogeneity’ ' within a population and
classify the data according to a latent variable to derive
meaningful groups. It is important to note that this latent
variable is not used to structure the data; rather it is
constructed only during the process of evaluation 8. The
LCA was used to test whether Bl and MMSE scores,
as well as discharge status, are useful for differentiating
dementia patients into subgroups.

The LCA operates according to the conditional as-
sumption that a person belongs to a certain subgroup
when a specific pattern of criteria are met. For the
model calculation, four assumptions of the LCA are
important & 1. The probability of meeting a criterion is
constant among all patients within a group; 2. There is
local stochastic independence of criteria within a group;
3. The groups are disjoint and exhaustive; and 4. Ho-
mogeneity prevails within a group item.

We used likelihood ratio tests to compare the true
likelihood of a particular response pattern with that
estimated by the model. Ideally, the ratio of these two
values is 1. The double-negative logarithm of the likeli-
hood ratio is chi-square distributed, and can therefore
be tested for significance. After applying the model, the
chi-square test should be associated with a high P-val-
ue. We also used the dissimilarity index (DI), which has
a value between 0 and 1 and describes the proportion
of patients that must be re-classified to perfectly repro-
duce the actually observed frequencies. The DI should
be as close to 0 as possible. We also used the bivariate
residuals to test whether the criteria used to generate
the latent classes were stochastically independent. We
used Latent GOLD software (ver. 4.5; Statistical Innova-
tions, Belmont, MA, USA) to perform this analysis ©.

RESULTS

TesTING THE PARTIAL CREDIT MODEL

The chi-square statistic of the degree of model fit (item-
trait interaction) was not significant (27.8, 20 degrees of
freedom; model probability, 11%). The person separa-
tion index for the Bl items was high (0.87), demonstrat-
ing that the model had excellent reliability.

All Bl items exhibited a good fit with the partial credit
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model, with fit residuals of between -2.0 and 2.5. The
chi-square statistics of item fit were not significant (all
p > 0.05). ltems were ordered by threshold.

No differential item functioning (DIF) was observed for
the subgroups defined according to the MMSE.
Although a partial credit model could be fitted to the
data, the mean sum score of the recalibrated Bl, of 54
points or -0.323 logits, could be produced by different
scoring patterns across the 10 items (where O = unable
to perform activity; 1/2 = can perform with assistance,
and 2/3 = can perform independently.

Table Il shows that there is a high degree of variance in
dependency within the mean Bl sum score.

There were three clearly dissociable Bl-groups (Fig. 1):

e a small ‘low’ scoring group composed of patients
who cannot use the toilet, nor perform any transfer
actions, without assistance;

® alarge ‘middle’ scoring group characterised by six
different patterns of response across the ‘toilet’,
‘transfer’ and ‘dressing’ items; and

e a small ‘high’ scoring group composed of patients
who can use the toilet, dress themselves, and climb
stairs assisted or unassisted.

By combining the BI groups and MMSE groups (MMSE:
‘low’ = score of 0-16, ‘middle’ = score of 17-21; and
‘high’ = score > 21), it could be seen that patients with
scores in the ‘high’ category on both the Bl and the
MMSE had a 93% probability of being able to live alone
after discharge. Among patients scoring in the ‘middle’
category on both instruments, that probability was re-
duced to 50%.

The three of BI- and MMSE-groups, in addition to
the discharge status of patients who were admitted
to the hospital after living alone in their own homes,
are stochastically independent criteria that can inform
subgroups of dementia patients in acute care hos-
pitals. The LCA, which included the three groups of
Bl and MMSE as well as the discharge status, had a
DI of 0.06 and a chi-square probability value of 0.76;
furthermore, none of the bivariate residual values, for
any combination of the three criteria, exceeded 1.0.
Therefore, the derived latent classes represent a good
classification scheme; such classification is not pos-
sible with the original (ordinal) or revised (interval scale)
Bl sum scores (Fig. 2).

Table II. Response patterns resulting in the average Barthel Index (Bl) sum score: in total, 82% of the change in the revised Bl was

explained by a combination of up to four variables.

The change in Bl groups between admission and discharge was mainly caused by changes from the middle Bl group to the high BI
group. The three groups differed significantly in both their ordinal and interval Bl sum scores.

Av-erage Barthel- | Transfer | Feeding | Bowels | Toilet | Mobility | Bladder | Groo-ming | Dressing | Stairs | Bathing
logit-score

-0.323 2 1 2 1 1 2 1 1 0 0
-0.323 2 2 2 1 1 1 1 1 0 0
-0.323 2 2 1 1 2 1 1 1 0 0
-0.323 2 2 1 1 2 1 1 1 0 0
-0.323 2 1 2 1 2 1 1 1 0 0
-0.323 2 2 2 1 1 2 0 1 0 0
-0.323 2 2 2 1 1 2 0 1 0 0
-0.323 2 1 2 1 2 1 1 1 0 0
-0.323 2 2 0 1 3 0 1 2 0 0
-0.323 2 1 1 1 2 2 0 1 1 0
-0.323 2 2 2 1 1 2 0 1 0 0
-0.323 2 1 2 1 2 1 1 1 0 0
-0.323 2 2 1 1 2 1 1 1 0 0
-0.323 3 2 1 1 1 1 1 1 0 0
-0.323 2 1 2 1 2 0 1 1 1 0
-0.323 2 1 2 1 1 1 1 1 1 0
-0.323 3 2 1 1 2 0 1 1 0 0
-0.323 3 1 2 1 2 1 0 1 0 0
-0.323 2 1 2 1 2 1 0 1 1 0
-0.323 2 1 2 1 2 1 1 1 0 0
-0.323 3 1 1 1 3 1 0 1 0 0
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Figure 1. Dementia patients grouped according to scores on the four significant Bl items in a regression tree.
Cluster Size 0.5623 0,3327 0,1051
MMSE
low 0.1265 0.7053 0.4923
middle 0.3778 0.2543 0.3792
high 0.4958 0.0403 0.1285
Three Barthel-Groups
Barthel low 0.0807 0.0611 0.0002
Barthel middle 0.7694 0.9351 0.5657
Barthel high 0.2299 0.0039 0.4341
Discharge of patients living at home
before admission
home 0.9979 0.8224 0.4395
Assisted living 0.0021 0.1285 0.1738
Short term care 0.0000 0.0075 0.0256
Long term care 0.0000 0.0417 0.3811

Figure 2.

DISCUSSION

The results of the Rasch model revealed that the revised
(interval scale) Bl sum score did not lead to much improve-
ment over the original (ordinal) Bl sum score. Changes in
Bl sum scores among dementia patients during a stay
in an acute care hospital depended mainly only on four
items: ‘toilet’, ‘transfer’, ‘dressing,” and ‘stairs’.

Patients who were living at home pre-admission, and
had ‘high’ scores on both the Bl and MMSE, had a
probability of being able to live alone again after dis-
charge of nearly 1. This probability fell to 0.5 in patients
being a member of the high Barthel and the low MMSE
group.

Classification of patients according to original (ordi-
nal) Bl score, revised (interval scale) Bl score, MMSE
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score, or discharge status was not possible in an LCA
because these measures are stochastically dependent.
The LCA demonstrated that use of these Bl groups
based on combinations of individual items represents
a good classification scheme for dementia patients in
acute hospitals. Furthermore, these data are routinely
collected during normal practice.

The rate of those patients admitted from home and liv-
ing alone after discharge who are members of the high
Barthel-Group (independent toilet, transfer, dressing
and partly stairs) and of the low MMSE-group (< 17
points) is a quality criterion for special care units. The
rate of those patients living at home who were admitted
from home who are members of the low Barthel and
the high MMSE Group should be compared between
different hopitals.

Grouping of patients with four Barthel-ltems and three
MMSE score groups identifies a high-risk group for
losing the opportunity of living at home. By identifying
these subgroup of patients a quality indicator for spe-
cial care units could be developed, when the rates of
those living at home after discharge who were admitted
from home are cpmpared.
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