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Optimizing diabetes management: Comprehensive analysis  
of glucose monitorring data and use of better metrics for glycemic control 

Current diabetes treatment relies primarily on hemoglobin A1C measurement to assess quality of glycemic 
control and to adjust therapy. Recent studies have revealed that A1C has some important limitations, and it 
conveys a rather complex message. This has to be taken into consideration for adjustment of diabetes therapy. 
To significantly improve diabetes treatment, both key metrics for glycemic control on a day-to-day basis and 
more advanced monitoring methods are needed. In addition to traditional discontinuous monitoring methods, 
continuous glucose sensing has become an indispensable tool to reveal insufficient glycemic management in 
patients with complicated diabetes. Several continuous glucose monitoring (CGM) systems, which have 
shown usefulness in clinical practice, are currently on the market. The widespread clinical application of 
CGM is still hampered by the lack of generally accepted measures for assessment of glucose profiles and 
standardized reporting of glucose data. 

Key words: Diabetes, continuous glucose monitoring, short- and long-term markers of glycemic control, hy-
perglycemia, hypoglycemia, measures of glycemic variability, standardization, quality of diabetes control, 
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Since landmark studies have provided evidence that hemoglobin A1C (A1C) is linked to vascular com-

plications of diabetes [1, 2], current glycemic management is mainly based on measurement of A1C. Opti-
mal diabetes control aims to restore levels of A1C to as normal as possible to reduce or prevent diabetic 
complications. However, recent studies have revealed that A1C has some important limitations, and repre-
sents a rather complex measure of glucose metabolism. A1C is a marker for overall glucose exposure and 
integrates both fasting as well as postprandial hyperglycemia but their relative contribution varies with the 
quality of glycemic control [3]. The increased cardiovascular risk observed in patients with type 2 diabetes is 
only partly explained by traditional cardiovascular risk factors. It is well known that chronic sustained hy-
perglycemia increases the risk for microvascular complications in type 1 diabetes and the cardiovascular risk 
in type 2 diabetes. Especially postprandial hyperglycemia, independent of A1C or fasting glucose, has been 
associated with cardiovascular disease [4], and this could be confirmed very recently in a post-hoc analysis 
of the «Effects of prandial versus fasting glycemia on cardiovascular outcomes in type 2 diabetes 
(HEART2D)» study [5]. 

It is generally accepted, and as laid down in the American Diabetes Association and IDF guidelines, 
that strict glycemic control, implicating a comprehensive diabetes evaluation, is needed to prevent or delay 
diabetes complications. The outcomes of the ACCORD [6] and ADVANCE [7] trials have taught us that 
A1C levels should be tailored to the patients´ health status extensive comorbid conditions require less strin-
gent targets. Now, time has come to accomplish measurement of A1C by other markers of glycemic control, 
allowing for assessment of shorter-time changes in glycemia. 

Although self-monitoring of blood glucose (SMBG) is still the predominant mode of glucose monitor-
ing, the use of advanced technology such as continuous glucose monitoring (CGM) has shown remarkable 
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benefits and expanded signifycantly during recent years. One major problem in utilization of CGM is appro-
priate evaluation of the great amount of data provided by CGM systems and the lack of standardization. 

The purpose of the present review article is to give an insight into the problems of choosing the most 
relevant markers of glycemic control and how to eva- luate CGM data properly to optimize management of 
diabetes. 

Markers of glycemic control 

Several markers of glycemic control have been used in routine practice as well as in clinical trials to 
guide therapy and to investigate the efficacy of therapeutic agents on patients´ glycemic control. A compari-
son of validated markers is shown in Table 1. 

T a b l e  1  

Long- and short- term markers of glycemic control 

Marker Glycemic control period Reference 

Hemoglobin A1 1–3 months Cohen [8] 
Glycated serum proteins 2–3 weeks Takahashi et al. [14] 
1,5-Anhydroglucitol 1–2 weeks Dungan et al. [17] 
Glycemic variability indices 24–72 hours Rodbard [32] 
Mean glucose 24–72 hours Rodbard [32] 

 

Hemoglobin A1C 

Among these markers, hemoglobin A1C (A1C) has been accepted as the fundamental biomarker and 
clinical surrogate endpoint in diabetes management and was used for the last three decades. It is well docu-
mented that in both type 1 and type 2 diabetes, A1C is predictive for the occurrence of diabetes complica-
tions many years later. However, deeper insight into the pathogenesis of diabetes has disclosed important 
limitations of A1C measurement. Early analyses recognized that upon comparing average glucose levels in 
patients with diabetes can result in different average glucose concentrations at a given A1C value. In a mi-
nority of patients such mismatch might partly be explained by unequal temporal distribution of glucose sam-
pling, but more importantly, there are studies to provide evidence that this observation is due to changes in 
intracellular glycation rates [8]. Other known conditions that could interfere with A1C measurement, causing 
erroneous values, are high red cell turnover, anemia, blood transfusion, chronic renal or liver disease [9], and 
drug treatment. The most important limitation of A1C, as a marker of glycemic control over the previous  
2–3 months, is its inability to capture shorter-term changes of glycemia. In well-controlled patients with type 
2 diabetes, we have previously shown that A1C is mainly determined by chronic sustained hyperglycemia 
and glycemic fluctuations go undetected [10]. However, this is critical for safe and timely adjusted insulin 
administration and clinical decision making. Therefore, researchers tried to introduce additional markers for 
better characterizing glycemic control during shorter periods of time. These markers, however, have specific 
characteristics and are not equally suited for diabetes management. 

Glycated albumin 

In recent years, serum glycated proteins with shorter half-lives (17–20 days) than hemoglobin have 
been evaluated as markers of intermediate glycemia. The fructosamine assay is used to measures glycation of 
serum proteins, principally albumin [11]. Glycated albumin (GA) has been reported to be a useful marker of 
glycemic control in diabetes [12]. It is a more rapidly responding indicator than hemoglobin, although the 
glycation rate for both proteins is comparable [13]. Since glycated albumin was shown to be an independent 
variable of maximum glucose levels, it appears to be a more sensitive marker than A1C for glycemic excur-
sion, as they occur during postprandial times [14]. This is important because postprandial glucose excursions 
are known risk factors for diabetic micro- and macrovascular complications. More recently, it was found that 
serum GA levels are higher in relation to A1C in diabetes patients with reduced basal pancreatic ß-cell func-
tion [15]. If in the state of postprandial hyperglycemia, indicating postprandial ß-cell dysfunction, serum GA 
were found to be increased, then it could be a useful surrogate marker for cardiovascular risk. This has not 
yet been confirmed by clinical trials, although the finding of elevated GA, but not A1C levels in patient with 
coronary artery stenosis points out such a relationship [16]. 
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1,5-Anhydroglucitol 

Another analyte, 1,5-anhydroglucitol (1,5-AG), has been suggested for use as intermediate marker of 
glycemia to complement A1C measurements [17]. It is a naturally occurring polyol that competes with glu-
cose for tubular re-absorption and can thus not be used as a marker for glycemic control in patients with im-
paired kidney function. Furthermore, it should be noted that glucose levels exceeding the renal threshold for 
glycosuria, i.e. 10 mmol/L (180 mg/dL), lead to a rapid reduction in serum concentration of 1,5-AG [18]. 
Poor glycemic control, indicated by high A1C values, is therefore associated with lower instead of higher 
1,5-AG levels. Although this marker responds sensitively and rapidly to daily glucose excursions in patients 
with near or at goal A1C levels [19], it can not identify hypoglycemia. Dungan et al. [20] have reported that 
1,5-AG varied markedly in diabetes patients despite similar A1C and showed that this was mainly attributa-
ble to different postprandial glucose excursions. This makes 1,5-AG superior compared to A1C or GA (se-
rum fructosamine) measurements as a marker for identifying postprandial hyperglycemia. Consequently, 
1,5-AG has been used to evaluate drug strategies on postprandial glycemia. Studies, including exenatide 
[21], sitagliptin [22] or biphasic insulin [23], for example, support the usefulness of 1,5-AG as a marker to 
identify treatment effects on postprandial glycemic excursions that would have otherwise been missed. 

Measures of glycemic variability 

It is a well-known clinical observation that glucose profiles can greatly differ at similar or even identi-
cal A1C values. While some patients have small or moderate glucose excursions and rare hypoglycemia, 
others have marked postprandial increases with frequent hypoglycemic episodes. These ups and downs in 
glucose levels over time, either measured within 24 hours or from day to day at the same time point, reflect 
glycemic variability (GV) classified as within-day and between-day variability, respectively [24]. It remains 
controversial whether GV is an independent causative or contributing factor to diabetes complications. How-
ever, there are data demonstrating close associations between GV and carotid intima-media thickness [25] 
and microvascular complications [26]. The findings and observations that GV more than sustained chronic 
hyperglycemia induces increased oxidative stress [27] provide strong indications that GV is involved in the 
development of vascular disease. In clinical practice, minimizing GV is important to achieve acceptable gly-
cemic control without hypoglycemia [28–30]. 

With the advent of CGM various indices of GV gained considerable clinical importance [31]. Currently, 
numerous indices are available, which have been carefully characterized by Rodbard [32] and Cameron et al. 
[33] for evaluation of various aspects of GV. Although they can principally be calculated from frequently 
sampled SMBG data, it is most suitable to use CGM datasets, because capturing all glucose peaks and nadirs 
requires sampling frequencies of 1–5 minutes. Furthermore, it is very important to clearly differentiate be-
tween indices of GV and indices of the quality of glycemic control. Measures of GV quantify short-term 
changes in glycemia and are suitable for different and specific aspects of glycemic control but should not be 
interchanged. Validated indices such as mean amplitude of glycemic excursions (MAGE), mean of daily dif-
ference (MODD), continuous overall net glycemic action (CONGA) are often used in clinical research, but 
they are not easy to calculate and computer programs have been developed for better handling of sampled 
glucose data. We have recently developed a computer prog- ram to calculate MAGE [34], and meanwhile, 
there is other software available, such as GlyCulator [35] and EasyGV [available at www.easygv.co.uk] for 
computing glycemic variability indices. Most recently, an expert panel of diabetes specialists recommended 
for the ease of use, familiarity, and correlation with other factors of glycemic control, the following three 
measures of GV: SD around the mean glucose (SD), coefficient of variation (CV), and interquartile range 
(IQR) [36]. Especially, if CGM data are collected, IQR is the most reliable aggregate measure of GV, as the 
panel announced. 

In addition to evaluation of GV by the aforementioned metrics, various indices have been developed to 
estimate the quality of glycemic control to complement clinical assessment of diabetes treatment, such as the 
average daily risk ratio (ADDR), including the high (HBGI) and the low blood glucose index (LBGI) [37] 
and the glycemic risk assessment diabetes equation (GRADE) [38]. These metrics are calculated by convert-
ing glucose values into risk scores, i.e. they quantify the risk for glycemic extremes. 

Mean glucose 

Mean glucose is a metric that is equally understood by patients and clinicians. Although not crucial for 
therapeutic decisions, it is useful to indicate glucose exposure during specified time periods and could help 
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determine effects of food, exercise or diabetes medications [39]. Especially when CGM data is being re-
viewed, an A1C level derived from mean or average glucose [40] provides an option for reporting glucose 
exposure during a defined time period. However, as reported by Kilpatrick et al. [41], the relationship be-
tween mean glucose and A1C may differ between different treatment groups. As demonstrated in Fig. 1, our 
results obtained from a cohort of type 2 diabetes patients (n = 114) treated with diet and oral antidiabetes 
drugs, further revealed that mean glucose derived from CGM measurements was more strongly correlated 
with time spent in hyper-/hypoglycemia than with A1C. Correlation coefficients for mean glucose vs. hyper-
and hypoglycemia were r = 0.965 and –0.345 (Fig. 1A) and for A1C r =0.508 and –0.226, respectively 
(Fig. 1B). Correlation coefficients of similar magnitude were reported by Nielsen et al. [42] for type 1 diabe-
tes patients between A1C and fraction of time during hyper-/hypoglycemia, expressed as area under the 
CGM curve (AUC). 
 

The hypoglycemic range is disproportionally compressed by y-axis scaling 

Figure 1. Correlation between time spent in hypoglycemia (open circles) / hyperglycemia (filled circles)  
and (A) mean sensor glucose (r = –0.345 and 0.965) and (B) A1C (r = –0.226 and 0.508, P < 0.001 for all) 

As our previous data from the cohort of type 2 diabetes patients demonstrated, % CV is one of the GV 
metrics, which is closely correlated with the risk of hypoglycemia (r = 0.554, P <0.001). Even though signif-
icant, the correlation between A1C and hypoglycemia shown in Fig. 1B is weak. Multiple logistic regression 
analysis further revealed that the odds ratio for % CV was higher than for mean sensor glucose: 1.25; 95 % 
confidence interval (CI), 1.14–1.37 vs. 0.41; 95 % CI: 0.21–0.61 (P <0.001 for both), while A1C was not a 
significant predictor (unpublished data). Overall, this clearly shows that A1C provides no reflection of hypo-
glycemia exposure. 

It has also been discussed whether postprandial glucose should become a marker of glycemic control. 
As suggested by Avogaro [43], postprandial glucose may rather represent a surrogate of metabolic events 
occurring in the postprandial phase. On the other hand, we found a close correlation between mean glucose 
and postprandial glucose in our cohort of type 2 diabetes patients (r = 0.630, P < 0.001). This indicates that 
changes in postprandial glucose levels are adequately reflected by mean glucose values. 

Glucose monitoring 

The development of hand-held blood glucose meters some decades ago made it possible for diabetes pa-
tients to monitor their own blood glucose levels at any time in a convenient way and enabled adjustment of 
therapy. With the universal availability of glucose meters, SMBG found broad application for management 
of glycemic control. However, this traditional monitoring usually measures single glucose values at any time 
point, which is determined by the user. Thus, it provides only a snapshot of the whole glucose picture and rap-
id changes occurring between single measurements escape detection. The development of the CGM technology 
presented a great step forward toward modern diabetes management, because it overcomes limitations of tradi-
tional SMBG by producing glucose profiles instead of distinct measurements over several days, real-time glu-
cose values, glucose trends and warnings when glucose values approach dangerously low or high levels. 

Mean Sensor Glucose (mmol/L)

4 6 8 10 12 14 16

T
im

e
 H

yp
o

-/
H

yp
er

g
ly

ce
m

ia
 (

m
m

o
l/L

/h
)

-5

0

5

10

15

20

25

30
 A

Hemoglobin A1C (%)

4 5 6 7 8 9 10 11 12

T
im

e
 H

yp
o

-/
H

yp
er

g
ly

ce
m

ia
 (

m
m

o
l/L

/h
)

-5

0

5

10

15

20

25

30
B

Ре
по
зи
то
ри
й К
ар
ГУ



K.-D.Kohnert, P.Heinke et al. 

10 Bulletin of the Karaganda University 

As demonstrated in Figure 2, CGM recordings also, provided evidence that diurnal glucose patterns may con-
siderably differ in individual patients, even at identical A1C levels — a fact overlooked in the past. 

The figure shows individual average CGM profiles from a subsample of type 2 diabetes patients with an 
A1C value of precisely 6.5 %. Although this is an accep- table A1C value and indicative of good metabolic 
control, the CGM profiles are quite different in that: (1) most of them exceed the target range and (2) they 
show marked glycemic excursions. It is conceivable that frequent use of CGM and careful pattern analysis is 
able to improve glycemic control by uncovering such trouble points. 
 

 

Figure 2. Continuous glucose monitoring tracings from seven patients with type 2 diabetes treated  
with oral antidiabetes drugs. A1C value was 6.5 % for all. Average 24-h glucose profiles are shown.  

For glycemic and metabolic characteristics of these patients, see Table 3. 

Clinical study outcomes and data obtained from every-day diabetes management have shown that the 
use of CGM can consistently improve glycemic control [44]. Although especially those with unstable diabe-
tes who are prone to hypoglycemia and hypoglycemia unawareness will benefit most, the majority of diabe-
tes patients can achieve their glucose targets when using CGM [45]. Two variants of CGM based on sensor 
technology are available: retrospective and real-time glucose monitoring [46–48]. While CGM systems such 
as CGMS Gold, Guardian T, Glucoday, and iPro2 were mainly designed as a tool for health care providers to 
collect glucose data over a sensing period of 3–7 days during which the data were masked to patients, pro-
vide real-time sensors (Guardian RT, Dexcom Seven Plus and Navigator) real-time glucose values, trends, 
and alarms if glucose levels become high or low. The latter systems enable immediate therapy adjustment 
and correction of glucose levels, but require training experience for both health care practitioners and pa-
tients. Even though use of CGM has convincingly demonstrated improvement of glycemic control, i.e. re-
duction of time spent in hypo-/hyperglycemia, reduced glucose variability, and improvement of A1C levels, 
this technology is still underutilized in diabetes management for a number of reasons [36]. All the commer-
cially available CGM devices have similar but somewhat different software to analyze the data and provide 
reports. However, the main problem is the lack of standardized metrics and a more user-friendly presentation 
of data. 

There are currently several well-established clinical and research measures that have shown to be useful 
in analyzing and characterizing CGM profiles. 

Table 2 summarizes measures of glycemic control often used in clinic and research for which normative 
values are available. Of the metrics shown (Table 2), it should be noted that the aforementioned expert panel 
identified time in range (TIR) as one of the key metrics for guiding diabetes treatment [36]. This metric can 
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be expressed either as «% of glucose readings» or «hours per day». As the default target range,  
70–180 mg/dL (3.9–10.0 mmol/L) was selected. This is not a «normal» range, but commonly used in clinical 
practice. Individual targets closer to the ideal range can be defined, depending on age, comorbidities or pa-
tient compliance. 

T a b l e  2  

Measures of glycemia derived from continuous glucose monitoring 

Measure Definition 

Measures of sensor glucose 
Mean SG (mmol/L) Mean of all sensor glucose values 
Max SG (mmol/L) Maximum sensor glucose value 
Min SG (mmol/L) Minimum sensor glucose value 

Measures of glycemia 
Percentage above target range % of readings >7.81; >10.02 mmol/L 
Percentage in target range % of readings within 3.9–10.02 mmol/L 
Percentage below target range % of readings <3.91, 2 mmol/L 

Measures of glycemic variability 
% CV 100 x SD/Mean 
SD (mmol/L) SD around mean glucose 
IQR (mmol/L) Interquartile range (25th–75th percentile) 
MAGE (mmol/L) Glucose fluctuations (nadir to peak or peak to nadir >1SD) 
CONGAn (mmol/L) Difference between glucose values at different set  

intervals (n x 60 min ago) 
MODD (mmol/L) Mean difference of glucose values at the same time  

point on two consecutive days 

Measures of glucose complexity 
DFA (scaling exponent α) Dynamic measure indicative of glucoregulation,  

not related to magnitude of glucose fluctuation 
——————— 

Note. 1International Diabetes Federation Guidelines; 2Guidelines of the American Diabetes Associa-
tion; CONGAn, continuous overlapping net glycemic action; CV, coefficient of variation; DFA, detrended 
fluctuation analysis; MAGE, mean amplitude of glycemic excursions; MODD, mean of daily differences; SD, 
standard deviation; SG, sensor glucose. 

 

Standardized glucose reporting 

One major barrier for broader application of CGM is certainly the existence of multiple indices and pa-
rameters for measurement of glycemic control and glycemic variability. Clinicians must interpret these pa-
rameters to extract the information they need to guide management of their diabetes patients. Some of the 
parameters, which we use for evaluation of glycemic control and guiding patients treatment are displayed in 
Table 3. 

The data in Table 3 demonstrate how the magnitude of glycemic measures may individually differ even 
in rather well-controlled type 2 diabetes patients and compared to healthy subjects. In our random sample 
(n = 7) all patients were treated with oral antidiabetes drugs and, even though well-controlled, it should be 
noted that the maximum time spent in hypoglycemia was roughly 49 min/day. Among the parameters shown, 
the detrended fluctuation analysis (DFA) scaling exponent can not be used for adjustment of therapy or gly-
cemic management but rather in clinical research for assessment of the impaired complexity of 
glucoregulation. 

In view of the various metrics used to characterize glycemic variability and quality of glycemic control, 
an integrated approach is required. To ease analysis of CGM and SMBG data, Rodbard [52] has presented a 
practical approach to definition of reference values for measures of quality of glycemic control and measures 
of glycemic variability. He calculated quartiles (minimum, 25th, 50th, 75th percentiles and maximum) for six 
measures of glycemic variability as well as measures of glycemic control from a reference population. So, by 
using such a score sheet, one can utilize the areas above and below the curves for the percentiles in relation 
to A1C levels to define glycemic control as Excellent, Good, Fair, and Poor. We used a somewhat different 
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approach to evaluate the quality of glycemic control from CGM profiles and developed a Quality score 
(Q-score) [53]. This score is a composite metric related to A1C, integrating mean glucose, time hy-
po-/hyperglycemic, range of glucose values, and MODD. After calculating the score, one can classify the 
quality of glycemic control into five categories; Excellent, Good, Fair, Poor, and Unsatisfactory. 

T a b l e  3  

Variations in the magnitude of characteristic glycemic and metabolic measures  
in well-controlled type 2 diabetes patients with A1C value of 6.5 % and normative values  

in patients without diabetes 

Measure 
Type 2 diabetes 

(range) 
Normative values 

(mean ± SD) 

Glucosea 
Mean glucose (mmol/L) 6.4–10.4 5.8 ± 0.6 
Max glucose (mmol/L) 12.7–18.1 8.0 ± 1.3 
Min glucose (mmol/L) 3.0–8.0 4.3 ± 0.7 
Max PP glucose (mmol/L) 8.9–14.4 8.0 ± 1.6 
Percentage time (%) at   
Glucose ≥ 10.0 mmol/L 3.0–23.2 0.7 ± 0.8 
Glucose ≤ 3.9 mmol/L 0.0–3.4 0.2 ± 0.3b 

Glycemic variabilityc 
SD 1.8–3.6 1.5 ± 0.7 
% CV 20.6–38.1 16.6 ± 3.4b 
IQR 2.5–4.3 1.2 ± 0.4b 
MAGE 4.1–7.1 1.4 ± 0.5 
ADRR 14.0–24.4 0.4 ± 4.5 
GRADE 3.2–17.9 0.4 ± 2.0 

Metabolic parameters 
IS (Matsuda index) 1.9–16.7 15.6 ± 2.0 [48] 
PP beta-cell function (10–9/min)d 21.7 (17.3–42.5) 74.8 (58.7–106.2) [49] 

——————— 
Note. Normative values aadapted from Zhou et al. [50], bown data, cdata from Hill et al. 

[51]. dValues presented as median (25th–75th). IS, insulin sensitivity; PP, postprandial. See foot-
note of Table 2 for further abbreviations. 

 
With the goal to translate glycemic variability measures into the clinic, Rawlings et al. [54] created a 

user-friendly Continuous Glucose Monitoring User Interface for Diabetes Evaluation (CGM-GUIDE©). This 
interface calculates and displays multiple measures derived from CGM data. It allows for user-defined 
thresholds for hyper- and hypoglycemia and calculates the glucose variability measures SD, MAGE, 
CONGAn, and MODD in conjunction with glycemic statistics, i.e. time spent in target range, time spent in 
hyper-/hypoglycemia, areas under the CGM curve (AUC-CGM), and mean glucose. 

Only recently, the International Diabetes Center (Minneapolis, USA) has developed the data analysis 
software program (capture AGP™) called Ambulatory Glucose Profile AGP «Dashboard» and issued rec-
ommendations for standardizing glucose reporting and analysis to optimize clinical decision making [36]. 

Computer-assisted decision support systems for diabetes management 

With the growing number of diabetes patients worldwide, the expanding classes of diabetes medications 
and variety of treatment modalities, it becomes more and more difficult for primary care providers to assess 
the quality of glycemic control and keep abreast with recent developments. As a consequence, the portion of 
patients not achieving their treatment goals remains irresponsibly high. 

In type 1 diabetes, software to adjust insulin dosage and adopt treatment regimens was successfully in-
troduced [55, 56], but to generate computer-assisted decision support programs for type 2 diabetes has been 
difficult, because of its complex pathophysiology. Only as of 2007, the Karlsburg Diabetes Management 
System (KADIS®), developed by a team of researchers at the Institute of Diabetes Karlsburg, Germany, be-
came available as a computer-based decision support for management of type 2 diabetes, using input of 
CGM data for glycemic control and optimized diabetes therapy. A mathematical description of the KADIS® 
model can be found at [57] and more details will be given in a following article of this journal volume. 
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A randomized study performed in outpatients with type 2 diabetes over three months, utilizing KADIS®, 
demonstrated a net reduction in A1C of 0.6 % and curtailed time spent in hyperglycemia by 22 % without 
increasing hypoglycemia [58]. 

In 2011, Rodbard and Vigersky [59] developed a computer-assisted decision support (CADS) for pri-
mary care providers to improve diabetes management in type 2 diabetes patients. This system is based on the 
input of SMBG data, including clinical information (diagnosis, comorbidities, medication history, history of 
adverse events, and laboratory data), rules for dosing individual medications, adding or discontinuing medi-
cations; and rules for individualizing targets for A1C and glucose levels by time of day. Various outputs are 
provided, such as analysis and display of SMBG data, therapy recommendations, several therapy options; 
and educational information for care professionals and patients. CADS can interact with other systems to 
collect glucose meter data via the MetriLink device and with the comprehensive diabetes management pro-
gram (CDMP). As the authors stated, the system is currently implemented in a clinical research setting and 
adaptation to other health care systems are being intended [59]. Even if the outputs of KADIS® and CADS 
are similar, the underlying algorithms appear to be different. KADIS® is able to generate a virtual copy of 
glucose metabolism and allows interactive simulation of various therapeutic regimens in optimizing glyce-
mic control of individual patients. 

Conclusions 

During recent years, many new tools and metrics have been developed. The time has come to use CGM 
more widely in diabetes management and to introduce, in addition to A1C, metrics that allow assessment of 
continuous glucose sensing for better glycemic control on a day-to-day basis. An important step in this direc-
tion would be standardization of glucose metrics and glucose reporting. 

Data analysis software (capture AGP™) as well as computer-assisted decision support systems 
(KADIS®, CADS) has the potential to optimize clinical decision making and diabetes management to the 
benefit of our patients. 
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К.-Д.Конерт, П.Хайнке, Л.Фогт, Ғ.Ғ.Мейрамов, Э.Зальцидер  

Диабетті басқаруды оңтайландыру: глюкоза деңгейі мониторингіне  
жан-жақты талдау жəне гликемиялық бақылау үшін  

таңдаулы əдістерді қолдану 

Қант диабетін емдеу қан құрамындағы глюкоза деңгейін бақылау мен А1С гемоглобинді анықтаумен 
қатар жүреді. Емдеу барысында А1С бастапқы көрсеткіште кейбір маңызды шектеулерге ие 
болатынын ескеру кажет. Емдеу нəтижесі жақсы шығуы үшін, əрдайым гликемиялық қадағалау екі 
көрсеткіште жүргізілуі тиіс. Қазіргі кезде глюкоза CGM мониторингін бақылау бірнеше үздіксіз 
əдістермен жүзеге асады. Олардың кең қолданысы клиникада болмауымен қоса беріледі. 

 
К.-Д.Конерт, П.Хайнке, Л.Фогт, Г.Г.Мейрамов, Э.Зальцидер  

Оптимизация управлением диабета: всесторонний анализ  
мониторинга уровня глюкозы и использование лучших методов  

для гликемического контроля 

Лечение сахарного диабета сопровождается определением гемоглобина A1C в сочетании с контролем 
уровня глюкозы крови. Ранее было показано, что А1С имеет некоторые важные ограничения, что не-
обходимо учитывать в процессе лечения, для улучшения результатов которого необходимы оба пока-
зателя регулярного гликемического контроля. В дополнение к традиционным периодическим методам 
мониторинга, непрерывный контроль уровня глюкозы является необходимым для пациентов с ослож-
нениями диабета. Авторы утверждают, что сегодня используются несколько непрерывных методов 
мониторинга глюкозы (CGM), которые недостаточно информативны в клинической практике.  
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